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Woord vooraf 

 

Als net afgestuurde bio-ingenieur begon ik een onderzoek aan het labo voor 

levensmiddelen-microbiologie en –conservering. Een onderwerp in de predictieve 

microbiologie leek me van bij het begin een mooie uitdaging. Het wiskundig 

beschrijven van observaties sprak me enorm aan. Het begon met één micro-organisme, 

Listeria monocytogenes, en het werd me onmiddellijk duidelijk dat héél veel 

observaties nodig zijn om een goed groei/niet-groeimodel te ontwikkelen. Zeker toen 

we het lumineuze idee hadden om ook de celdichtheid als variabele te gaan 

beschouwen groeide het aantal observaties exponentieel. Later steeg ook de interesse 
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densiteitsmetingen wat uiteindelijk ongeveer 3,6 miljoen data opleverde die verwerkt 

werden tot voorspellende modellen. Op sommige momenten zie je het dan even niet 

meer zitten en komen eigenschappen als doorzettingsvermogen en volharding naar 

boven. 
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wegwijs te maken in de ontwikkeling van predictieve modellen. 
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Introduction and objectives 

Due to modern life-style and modern eating habits, consumers are more and more interested 

in Ready-To-Eat (RTE) meals. Therefore, production of several types of foods has shifted 

from home-made to commercial practice, e.g. for sauces and mayonnaise-based salads. For 

food producers, authorities as well as consumers the microbial safety and stability combined 

with fresh appearance of the products remain the major issues. This safety and stability are 

still often established by shelf-life studies and challenge tests. These two methods, however, 

are very labour intensive, time-consuming and therefore expensive. Besides, the obtained 

results are only valid for the specific product under investigation, implying that any change in 

the production process or in intrinsic properties of the product, makes new experiments 

inevitable. A good complementation to shelf-life studies and challenge tests may be predictive 

microbiology. This distinct discipline in food microbiology aims at describing microbial 

behaviour on the basis of mathematical equations. It has the advantages to be faster, more 

flexible and easy-to-use, but has also some important disadvantages such as the prior 

assumptions in the model and the impossibility to include all product-specific characteristics. 

Predictive microbiology has gained in last decades a lot of interest and is recently also 

recognised by the authorities to prove compliance with the legislation (e.g., presence of 

L. monocytogenes in RTE products (EU, 2005)). Commission Regulation (EC) N° 2073/2005 

on microbial criteria for foodstuff establishes that for RTE-products not intended for infants 

and medical purposes a distinction should be made between products allowing growth of 

L. monocytogenes and those which do not. For both categories different criteria are imposed. 

Literature data, challenge tests as well as predictive microbiology can be used to prove to 

which category the food specific product belongs.   

Most studies published within the field of predictive microbiology deal with kinetic models, 

i.e., describing changes in microbial growth as a function of time. However, in many cases it 

is more important to know whether a microorganism can grow at all at specific conditions 

rather than the rate at which growth would occur. This is particularly the case for pathogens 

which are harmful at low levels. Therefore, growth/no growth models describing the chance 

of growth as a function of the environmental conditions represent a powerful food safety tool. 

Moreover, for food producers, not only safety is of major concern but also knowing the 

chance that spoilage bacteria can grow under product specific conditions provides valuable 
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information for shelf-life determination. Control of food waste and food spoilage has both 

financial and ethical aspects. 

This PhD research focuses on the development of growth/no growth models particularly for 

acidified sauces and mayonnaise-based salads. Acidified sauces have intrinsic factors (low 

pH, presence of organic acids and preservatives) which will inhibit growth of pathogens. 

Although survival of pathogens may be possible, particularly at refrigerated conditions, these 

products do not pose a major safety hazard. Spoilage by yeast and lactic acid bacteria, 

however, is possible and may lead to high economical losses, indicating the need for the 

quantification of the risk of spoilage. Moreover, due to the increasing pressure from 

consumers, as well as from the authorities (EFSA, 2007), on the use of chemical 

preservatives, such as sorbic and benzoic acid, the food industry will be forced to guaranty 

microbial stability and safety without these preservatives. This will probably be one of the 

major challenges for acid food producers to be faced in the near future. Mayonnaise-based 

salads are products characterised with a relatively high incidence of L. monocytogenes (9.9% 

(FDA/USDA/CDC, 2001), 2.36 – 4.7% in USA (Gombas et al., 2003); and 21.3% in Belgium 

(Uyttendaele et al., 1999)). As this microorganism is able to grow at refrigerated conditions, it 

may be a potential hazard in these products. Driven by the recently published Commission 

Regulation (EC) N° 2073/2005 on microbial criteria for foodstuff (EU, 2005) the need arose 

to quantify the probability of growth in these products. For the same reasons as mentioned 

before for sauces, the use of chemical preservatives was not taken into account. 

The first objective of this study was to give a detailed literature review on both product 

categories (sauces and mayonnaise-based salads). The first part of the literature study 

describes the product characteristics with special attention given to the different preservation 

methods (acid, water activity, spices, etc.) used to guarantee microbial safety and stability. A 

second part gives an overview of the different pathogens and spoilage bacteria encountered in 

these products together with their major mechanisms to resist the stress factors applied in 

sauces and mayonnaise-based salads. The final part of the literature review is dedicated to 

predictive microbiology with the focus on growth/no growth models. In this part a theoretical 

basis for the different model-types is given together with an overview of published studies 

using one of these model-types. Also, an introduction on the determination of model 

performance of growth/no growth models is provided.  
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A second objective was the development of a growth/no growth model for spoilage bacteria in 

acidified sauces. As mentioned before, the newly developed models are focussing on products 

without chemical preservatives. Lactic acid bacteria (L. fructivorans and L. plantarum), on the 

one hand, and yeasts (Z. bailii), on the other hand, are known as specific spoilage organisms 

for acidified sauces and were used as type-organism for the model development. The models 

describe the influence of pH and organic acids (acetic and lactic acid) on the growth 

probability. In Chapter 2, two growth/no growth models for the two studied lactic acid 

bacteria were developed and compared. For Z. bailii the development of the growth/no 

growth model was more complicated as in some conditions stimulation of growth occurred by 

increasing acid concentrations. The newly developed model is described and discussed in 

Chapter 3. 

Regarding mayonnaise-based salads, the focus was on the safety of the products instead of on 

spoilage. In Chapter 4, a model was developed describing the influence of pH, water activity 

and acetic acid on the growth probability of L. monocytogenes inoculated at high inoculation 

levels. Next to the development of a growth/no growth model based on data gathered with a 

monoculture, a comparison was made with a model describing the growth/no growth interface 

of a cocktail of five strains. The obtained data were also used to determine the differences in 

time to detection near the growth/no growth interface. However, most of the time foods are 

contaminated with low numbers of pathogens, e.g., the reported initial contamination with 

L. monocytogenes mostly ranged from 0.04 to 10 CFU/g and only a few cases exceeded 

10 CFU/g (Uyttendaele et al., 1999; Gombas et al., 2003). As it is known that the growth/no 

growth interface shifts to less stringent conditions when low inoculation levels are used 

(Robinson et al., 1998; Parente et al., 1998; Masana et al., 2001; Pascual et al., 2001; 

Razavilar and Genigeorgis, 1998; Koutsoumanis, 2005), the objective of the research 

described in Chapter 5 was the development of a growth/no growth model for low inoculation 

levels. Specific for this growth/no growth model is the incorporation of the inoculation level 

as an explanatory variable into the model equation implying that the model can predict the 

growth/no growth behaviour at inoculation levels between ca. 5.3 log CFU/200 µl and  

ca. 1 CFU/200 µl. 

As the developed models are based on data generated in laboratory media, validation of the 

models was necessary. This validation for the models of L. monocytogenes focused on three 

different items: (i) robustness of the model was tested by performing growth/no growth tests 
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with eleven other L. monocytogenes strains, (ii) transferability between results in laboratory 

broth to real food was examined by performing microbial challenge tests in sterile, laboratory-

made surimi salads, and (iii) growth/no growth experiments were performed in media 

containing chemical preservatives (sorbic and benzoic acid) to imitate commercial 

mayonnaise-based salads. In the performed microbial challenge tests, salads were inoculated 

with high, as well as, with low inoculation levels. The results of this validation process is 

described and discussed in Chapter 6. 

The last objective of this PhD research was to create a computer application that will simplify 

the access to the newly developed models. Therefore, the models were incorporated in a user-

friendly software package. This graphical interface allows also the laic user to determine the 

chance of growth of a particular microorganism under the environmental conditions chosen 

by the end-user. The different features of this software tool are summarized in Chapter 7. 

Figure 0.1: Schematic representation of the links between the different chapters in this PhD 
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Summary 

The literature study presented in Chapter 1 describes, on the one hand, the current state of the 

art about microbial stability and safety of sauces and mayonnaise-based salads and, on the 

other hand, it gives an introduction to predictive microbiology, more specific to the 

development of growth/no growth models. In the first part, the terminology and definitions 

concerning the different types of sauces and mayonnaise-based salads is summarized together 

with their specific characteristics. Also an overview of the different preservation methods 

currently used to assure microbial stability and safety of sauces as well as of mayonnaise-

based salads is given. As these preservation methods are often combined, the principle of the 

combination technology was discussed. This combination technology, also known as hurdle 

technology, can be considered as the precursor of the growth/no growth model development 

as these models are used to mathematically describe the principles of the combination 

technology. Next to this, an attempt is made to give an overview of the published studies on 

growth, survival, and inactivation for all relevant microorganisms (pathogenic as well as 

spoilage microorganisms) in emulsified sauces and mayonnaise-based salads. For each 

microorganism the major resistance mechanisms towards the stresses encountered in these 

products are briefly described. The main focus in the second part of this literature review is on 

the growth/no growth models. The different types of growth/no growth models (deterministic 

as well as probabilistic) are described. An overview of the published studies dealing with 

growth/no growth boundary together with (i) the microorganism of concern, (ii) the model-

type used, (iii) the explanatory variables included in the model, and (iv) the amount of 

replicates performed at each combination of environmental conditions is given. 

 

Chapters 2 and 3 deal with the development of growth/no growth models for spoilage 

bacteria in acidified sauces, with pH (3.0 – 5.0), acetic acid (0 – 3.0% (w/v)) and lactic acid  

(0 – 3.5% (w/v)) as explanatory variables. Growth was assessed by optical density 

measurements in at least 12 replicates for each combination of intrinsic factors. For lactic acid 

bacteria (Chapter 2) results showed that ordinary logistic regression models were able to 

describe the growth/no growth boundary properly. Although it is assumed that the 

undissociated forms of the acids perform the major antimicrobial effect, no advantages 

occurred in using a model incorporating the undissociated and dissociated forms, separately. 

Therefore and because of their simplicity, it was preferred to use model equations 
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incorporating the total acid concentrations. As food producers are often most interested in 

(very) low growth probabilities, the behaviour of the models at these low probabilities was 

also studied. This revealed that in some cases illogical interfaces (inconsistent with 

microbiological knowledge) were obtained, which is probably due to the asymptotic 

behaviour of the logistic regression model near 0% (and 100%). Comparing the growth/no 

growth interfaces of both lactic acid bacteria showed differences which are probably caused 

by the differences in metabolism between L. fructivorans and L. plantarum. This illustrates 

that more data generation with other strains might be necessary to construct a general 

growth/no growth model for spoilage by lactic acid bacteria. The established models can in 

that case be useful to reduce the amount of growth/no growth experiments by limiting the 

conditions under research to the ones in or near the growth/no growth zone. 

The development of the model for Z. bailii (Chapter 3) was more complicated as it was seen 

that acetic and lactic acid had inhibitory as well as growth stimulating effects. Therefore, a 

model based on the complete data set was not able to describe the data. After evaluation of 

different data subsets, it was preferred to split up the data near the pKa-value of lactic acid 

(3.86). Ordinary logistic regression models incorporating the concentration of the total acids 

on both data subsets gave a proper description of the growth/no growth interface. Models 

incorporating the undissociated and dissociated forms did not show convex behaviour at all 

conditions and were therefore rejected as appropriate models. The transition between the two 

submodels at their common data points (at pH 4.0) was smooth which allowed to represent 

the models as one global model. Comparing the growth/no growth interfaces of lactic acid 

bacteria with the one of the yeasts shows that Z. bailii is much more resistant towards the 

applied stress factors. It is observed that relatively high amounts of acetic and lactic acid are 

needed to inhibit growth of Z. bailii, if no chemical preservatives (such as sorbic and benzoic 

acid) are added. This will have implications on the microbial stability if preservatives would 

be banned from food products due to new regulations or consumers’ pressure. The growth/no 

growth model of Z. bailii as well as both models for lactic acid bacteria were also compared 

with the generally used CIMSCEE (CIMSCEE, 1992) code. This revealed that the CIMSCEE 

code predicts a similar growth/no growth interface as the model of Z. bailii, while an 

overestimation occurred compared with the models for lactic acid bacteria. The advantages of 

the newly developed spoilage models are (i) the ability to predict a growth probability, (ii) the 

incorporation of organic acids, and (iii) the broader pH range.  



Summary  xi 

To predict safety of mayonnaise-based salads, growth/no growth models for 

L. monocytogenes at high (Chapter 4) and at low (Chapter 5) inoculation levels were 

developed. Prior to the model development a screening of 26 L. monocytogenes strains was 

performed to determine their pH, aw and acetic acid resistance. Five food isolates were 

selected to perform the data generation for the development of the growth/no growth model. 

For the models at high inoculation levels, a monoculture as well as a cocktail of five strains 

was used. The intrinsic factors under research were pH, ranging from 5.0 to 6.0; water 

activity, ranging from 0.960 to 0.990; and acetic acid concentrations, ranging from 0 to 0.8% 

(w/w). Growth was assessed on the basis of optical density measurements. Results showed 

that independent of the inoculation level, changing pH and acetic acid concentrations had the 

major influence on the growth/no growth interface, while the water activity had only a limited 

effect. Different growth/no growth model-types were compared on the datasets gathered at 

high inoculation levels (Chapter 4). For the monoculture, all model-types performed equally 

well, while for the mixed strain culture only the ordinary logistic regression model could be 

used because the curvature of this growth/no growth interface showed in some cases illogical 

behaviour. This might be explained by the superposition of the growth/no growth interfaces of 

the individual strains if one assumes that the growth of the mixed strain culture is observed if 

one of the strains grows. Unexpectedly, the growth/no growth interface of the mixed strain 

culture was not broadened compared to the monoculture data and under some combination of 

intrinsic factors the growth probability was even lower.  

For the development of the growth/no growth model at low inoculation level a lot of attention 

was paid to the data collection stage (Chapter 5). The used method (OD measurements) has a 

high detection limit, implying that under some conditions, inoculated with low inoculation 

levels, growth would not be detected because the cell count would not reach the detection 

limit in the period of analysis. Therefore, the data collection was based on OD measurements 

combined with plate counts. The determined cell count at the end of the data gathering period 

was compared with the estimated inoculation level at each dilution step based on a simulation 

protocol developed by BioTeC, KULeuven (partner in this research). As it was the aim to 

incorporate the cell density as explanatory variable in the model equations, data were gathered 

at 23 different inoculation levels. This was achieved by ½ dilutions starting from  

ca. 5 log CFU/200 µl to 1 CFU/200 µl. After evaluation of three different model-types, the 

square-root logistic regression was preferred because of its simplicity and robustness towards 

anomalies.  
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Chapter 6 presents a validation study of the growth/no growth model of L. monocytogenes in 

mayonnaise-based salads. This validation was focussing on (i) the effect of strain variability, 

(ii) the transferability of the model predictions to a real food product (i.e., the effect of 

structure), and (iii) the influence of chemical preservatives (sorbic and benzoic acids) on the 

growth chance of L. monocytogenes as these preservatives are often added to commercially 

produced mayonnaise-based salads. To perform the validation, four criteria were introduced: 

c-value, % correct predicted, % fail-safe, and % fail-dangerous. The validation towards strain 

variability showed that the model predicted well the growth probabilities in the growth and 

the no growth region, but for some conditions within or close to the transition zone deviations 

occurred. The predictive error which was observed for some strains could mostly be attributed 

to one or two media within the transition zone. Similar results were obtained for the 

validations in the sterile, laboratory-made mayonnaise-based salad. By performing these 

challenge tests it was seen that a growth/no growth transition zone also exists in real food 

products and that precautions must be taken for performing challenge tests with products 

characterised by intrinsic factors close to the growth/no growth interface. Particularly, if 

products are inoculated with relatively low cell counts growth may occur in some replicates 

while in others no growth occurred. Therefore, reconsideration of the protocol for reliable 

challenge tests in these products might be necessary. It could be advised to increase the 

inoculation level or the amount of replicates. This latter, however, will become labour 

intensive and expensive what makes it not feasible for smaller food companies. In general, it 

could be concluded that the model predicted well the microbial safety of mayonnaise-based 

salads as the no growth zone could be well defined. This is of course of most interest for food 

producers as their target will be at 0% growth. This can be explained by the fact that detection 

of more than 100 CFU/g of L. monocytogenes in one package will lead to a recall of all 

packages from the same batch and may lead to major economical losses. Addition of chemical 

preservatives proved that their MIC values were much lower than the allowed concentration 

of sorbic and benzoic acid in mayonnaise-based salads. This implies that no growth of 

L. monocytogenes will occur in commercial produced mayonnaise-based salads if the 

maximum allowed concentration of chemical preservatives is added. 

After model development and model validation, the final step is the implementation of the 

models. Therefore, a software tool was developed incorporating the four different growth/no 

growth models. Chapter 7 gives an introduction on how and in which circumstances the 

software tool can be used. Summarized, the model can be used to prove the microbial stability 
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of shelf-stable acidified sauces and the safety of mayonnaise-based salads stored at 

refrigerated temperatures to which no chemical preservatives are added. This makes the 

model useful for development of new products without preservatives as the pressure on these 

chemical preservatives is increasing by consumers as well as by the authorities (EFSA, 2007). 

It should be noted that for the interpretation of such predictive model the expertise of food 

microbiologists remains indispensable and that a proper education should be given to the end-

user of the software. 
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Samenvatting 

De literatuurstudie weergegeven in Hoofdstuk 1 beschrijft enerzijds de stand van zaken voor 

wat betreft de microbiële stabiliteit en veiligheid van sausen en salades, en anderzijds geeft 

het een inleiding tot de predictieve microbiologie en meer specifiek tot de ontwikkeling van 

groei/niet-groeimodellen. In het eerste deel wordt aandacht besteed aan de terminologie van 

sausen en salades samen met de specifieke eigenschappen van deze producten. Bovendien 

wordt een overzicht gegeven van de verschillende conserveringstechnieken die tot op heden 

gebruikt worden om de microbiële stabiliteit en veiligheid van sausen en salades te 

garanderen. Deze conserveringstechnieken worden dikwijls in combinatie gebruikt en daarom 

wordt ook ingegaan op het principe van de combinatietechnologie ook wel het ‘hordeconcept’ 

genoemd. Dit concept kan als voorloper van groei/niet-groeimodellen beschouwd worden, 

aangezien deze modellen het principe van de combinatietechnologie mathematisch proberen 

te beschrijven. Eveneens wordt een overzicht gegeven van de gepubliceerde studies rond 

groei, overleving en inactivatie voor alle relevante micro-organismen (ziekteverwerkers en 

bedervers) in geëmulgeerde sausen en in salades gemaakt met mayonaise of dressing. Ook 

wordt aandacht besteed aan de meest belangrijke resistentiemechanismen die micro-

organismen bezitten om de stressfactoren aanwezig in deze levensmiddelen te weerstaan. De 

focus in het tweede deel van de literatuurstudie ligt voornamelijk op de groei/niet-

groeimodellen. De theoretische basis voor verschillende types groei/niet-groeimodellen 

(deterministisch en probabilistisch) wordt beschreven. Tot slot wordt een overzicht gegeven 

van de verschillende studies rond groei/niet-groeimodellen met informatie over (i) het 

betreffende micro-organisme, (ii) the model-type, (iii) de variabelen die in het model 

opgenomen zijn en (iv) het aantal herhalingen dat uitgevoerd is bij iedere combinatie van 

omgevingsfactoren. 

Hoofdstukken 2 en 3 beschrijven de ontwikkeling van een groei/niet-groeimodel voor het 

bederf in aangezuurde sausen, met pH (3.0 – 5.0), azijnzuur (0 – 3.0% (w/v)) en melkzuur  

(0 – 3.5% (w/v)) als onafhankelijke variabelen. Groei werd gemeten aan de hand van optische 

densiteitsmetingen in tenminste twaalfvoud voor iedere combinatie van omgevingsfactoren. 

Voor melkzuurbacteriën (Hoofdstuk 2) tonen de resultaten aan dat de standaard logistische 

regressie (met een polynoom in het rechterlid van de vergelijking) de groei/niet-groeigrens 

goed kan beschrijven. Hoewel verondersteld wordt dat de ongedissocieerde vorm van zuren 

het meest antimicrobieel actief is, vertoonden de modellen waarin de ongedissocieerde en 
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gedissocieerde vorm geïncorporeerd werden geen voordelen ten opzichte van deze met de 

concentratie aan totaal zuur. Daarom en omwille van hun eenvoudigheid werd geopteerd om 

modelvergelijkingen te gebruiken waarin de concentratie totaal zuur gebruikt werd. 

Aangezien producenten meestal geïnteresseerd zijn in (zeer) lage groeikansen, werd het 

gedrag van de modellen ook bij deze lage groeikansen bestudeerd. Dit toonde aan dat in 

sommige gevallen onlogische groei/niet-groeigrenzen (inconsistent met de microbiële kennis) 

waargenomen worden. Dit zou te wijten kunnen zijn aan het asymptotische gedrag van 

logistisch regressie modellen bij groeikansen van 0% en 100%. De groei/niet groei interfases 

verschilden ook voor beide melkzuurbacteriën wat verklaard zou kunnen worden door het 

verschil in metabolisme tussen beide. Dit toont echter aan dat meer datageneratie nodig zou 

zijn indien het ontwikkelen van een globaal model voor bederf door melkzuurbacteriën het 

doel is. Het huidige model zou gebruikt kunnen worden om het aantal groei/niet groei 

experimenten te verminderen door het aantal condities te beperken tot diegene in de 

groei/niet-groei interfase. De ontwikkeling van het model voor Z. bailii (Hoofdstuk 3) was 

ingewikkelder aangezien uit de data bleek dat azijnzuur en melkzuur zowel een remmend als 

een stimulerend effect op de groei hadden. Daarom was het onmogelijk om een model te 

ontwikkelen gebaseerd op de volledige dataset. Na evaluatie van verschillende data subsets 

werd geopteerd om de dataset op te splitsen bij pH 4.0, de pH-waarde het dichtst bij de pKa-

waarde van melkzuur (3.86). Standaard logistische regressiemodellen met de concentraties 

totaal zuur als variabelen gaven de beste beschrijving van de data voor beide subsets. 

Modellen, waarbij de concentratie ongedissocieerd en gedissocieerd zuur gebruikt werd, 

waren niet bij alle condities convex en werden daarom verworpen als geschikte modellen. De 

overgang tussen de twee submodellen bij hun gemeenschappelijke datapunten (pH 4.0) was 

geleidelijk, wat toelaat om het model als een globaal model voor te stellen. Het vergelijken 

van de groei/niet-groei interfasen van melkzuurbacteriën met deze van Z. bailii toont aan dat 

Z. bailii veel resistenter is ten opzichte van de stresscondities aanwezig in deze producten. 

Relatief hoge concentraties aan azijn- en melkzuur zijn nodig voor de remming van Z. bailii, 

indien geen chemische conserveringsmiddelen (zoals sorbine- en benzoëzuur) toegevoegd 

worden. Hieruit kan besloten worden dat het weren van deze conserveringsmiddelen uit de 

producten door nieuwe wetgevingen en/of druk van de consumenten belangrijke gevolgen zal 

hebben voor de microbiële stabiliteit.  

Het groei/niet-groeimodel van Z. bailii en beide modellen voor de melkzuurbacteriën werden 

ook vergeleken met de CIMSCEE code (CIMSCEE, 1992), die tot op heden het meest 
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gebruikt wordt door de producenten van sausen. Dit toonde aan dat voorspellingen door de 

CIMSCEE code zeer gelijklopend zijn met de groei/niet groei interfase zoals voorspeld door 

het model voor Z. bailii. Vergelijkingen met de modellen voor melkzuurbacteriën toont aan 

dat de CIMSCEE code overschattingen van de groeikans geeft. De voordelen van de nieuw 

ontwikkelde modellen voor bederf zijn (i) de mogelijkheid om een groeikans te voorspellen, 

(ii) het combineren van meerdere organische zuren en (iii) het bredere pH-bereik waarin het 

model geldig is. 

Om de microbiële veiligheid van salades te voorspellen, werden groei/niet-groeimodellen 

voor L. monocytogenes ontwikkeld voor zowel hoge (Hoofdstuk 4) als lage (Hoofdstuk 5) 

inoculatieniveaus. Eerst werd een screening uitgevoerd met 26 L. monocytogenes stammen 

om hun pH, aw en azijnzuurresistentie te bepalen. Vijf voedselisolaten werden geselecteerd 

voor het genereren van de data voor de groei/niet-groeimodellen. Voor de modellen 

geïnoculeerd met hoge celaantallen, werden challengetesten uitgevoerd met zowel een 

monocultuur als een cocktail met vijf stammen. Als intrinsieke factoren werden pH (5.0 tot 

6.0), water activiteit (0.960 tot 0.990), en azijnzuur (0 tot 0.8% (w/w)) bestudeerd. Groei werd 

bepaald aan de hand van optische densiteitsmetingen. De resultaten tonen aan dat 

onafhankelijk van het celaantal, de grootste daling in groeikans bekomen wordt door het 

verlagen van de pH en/of toevoegen van azijnzuur. Verlagen van de wateractiviteit echter 

heeft weinig effect. Verschillende groei/niet-groeimodel-types werden vergeleken op de 

datasets voor hoge celaantallen (Hoofdstuk 4). Voor de monocultuur gaven alle model-types 

gelijkaardige resultaten terwijl voor de gemengde cultuur enkel het standaard logistische 

regressiemodel gebruikt kon worden omwille van de kromming van de groei/niet-groeigrens. 

Deze soms onlogische kromming kan verklaard worden door de superpositie van de 

groei/niet-groeigrenzen van de individuele stammen als verondersteld wordt dat groei 

gedetecteerd wordt van zodra één van de stammen groeit. Uit de resultaten bleek eveneens dat 

de groei/niet-groeigrens van de gemengde cultuur niet breder was ten opzichte van deze van 

de monocultuur. 

Voor de ontwikkeling van het groei/niet-groeimodel bij lage inoculatieniveaus werd zeer veel 

aandacht besteed aan het ontwikkelen van het proefopzet en het verzamelen van data 

(Hoofdstuk 5). De gebruikte methode (OD metingen) heeft een hoge detectielimiet wat 

betekent dat onder sommige condities, wanneer geïnoculeerd met lage celaantallen, groei zou 

kunnen plaatsvinden zonder dat het gedetecteerd wordt. Daarom werd voor het bepalen van 
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groei en geen groei OD-metingen en uitplatingen gecombineerd. Het celaantal, bepaald op het 

einde van de analyseperiode, werd vergeleken met een schatting van het geïnoculeerde 

celaantal. Voor het schatten van dit aantal in iedere verdunningsstap werd gebruik gemaakt 

van een simulatieprotocol ontwikkeld door BioTeC, KULeuven (partner in dit onderzoek). 

Aangezien het de bedoeling was om het celaantal als variabele in het model op te nemen, was 

het noodzakelijk om data te genereren bij 23 verschillende inoculatieniveaus. Dit werd bereikt 

door een ½ verdunningsreeks uit te voeren waarbij gestart werd vanaf 5.3 log kve/200 µl tot 

1 kve/200 µl. Na evaluatie van drie verschillende model-types, werd voor het vierkantswortel-

logistische regressiemodel geopteerd omwille van zijn eenvoudigheid en omdat het weinig 

gevoelig is aan anomalieën.  

In Hoofdstuk 6 wordt de validatie van het groei/niet-groeimodel voor L. monocytogenes in 

salades beschreven. Deze validatie was gericht op (i) het effect van stamvariabiliteit, (ii) 

toepasbaarheid van het model in levensmiddelen (dwz, het effect van structuur) en (iii) de 

invloed van chemische bewaarmiddelen (sorbine- en benzoëzuur) op de groeikans van 

L. monocytogenes. Om de validatie te kwantificeren werden vier criteria geïntroduceerd: c-

waarde, % correcte voorspellingen, % overschattingen en % onderschattingen. Uit de 

experimenten met de verschillende stammen bleek dat het model goede voorspellingen gaf in 

zowel de groeizone als in de niet-groeizone, terwijl in de overgangszone kleine afwijkingen 

werden waargenomen. Gelijkaardige resultaten werden bekomen voor de productvalidatie 

waarbij steriele salades werden geïnoculeerd. Hierdoor werd aangetoond dat ook in 

levensmiddelen een groei/niet-groei overgangszone wordt waargenomen. Dit betekent dat 

challenge-testen uitgevoerd in producten die gekenmerkt worden door stresserende factoren 

met de nodige voorzichtigheid geïnterpreteerd moeten worden, voornamelijk als deze 

producten geïnoculeerd worden met relatief lage celaantallen. Een herziening van de 

protocols voor het uitvoeren van deze challenge-testen lijkt in deze gevallen noodzakelijk. Het 

is aangeraden om daarom ofwel het inoculatieniveau te verhogen, ofwel meerdere herhalingen 

uit te voeren. Dit laatste is echter zeer arbeidsintensief en duur waardoor het moeilijk wordt 

voor kleinere voedingsbedrijven om hieraan te voldoen. 

Samenvattend kan besloten worden dat het groei/niet-groeimodel de microbiële veiligheid van 

salades goed kan voorspellen aangezien de niet-groei zone goed gedefinieerd wordt. Dit is 

uiteraard de regio die het meest van belang is voor producenten aangezien het hun doel is om 

0% groeikans te kunnen garanderen. Immers, de detectie van meer dan 100 kve/g 
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L. monocytogenes in één verpakking kan leiden tot het terugroepen van alle verpakkingen van 

hetzelfde lot wat  grote economische verliezen tot gevolg kan hebben. Toevoegen van 

chemische conserveringsmiddelen toont aan dat L. monocytogenes reeds geïnhibeerd wordt 

bij concentraties lager dan de wettelijk toegelaten concentratie sorbine- en benzoëzuur in 

salades. Dit betekent dat geen groei van L. monocytogenes zal waargenomen worden in 

commerciële salades indien de maximaal toegelaten hoeveelheid conserverings-middelen 

wordt toegevoegd. 

Na modelontwikkeling en -validatie vormt de implementatie van de modellen de laatste stap. 

Daarom werd een softwarepakket ontwikkeld dat de vier verschillende groei/niet-

groeimodellen omvat. Hoofdstuk 7 geeft een inleiding over hoe en in welke omstandigheden 

de ontwikkelde software gebruikt kan worden. Samengevat kan de software gebruikt worden 

om de microbiële stabiliteit van zure sausen, bewaard bij kamertemperatuur, aan te tonen. 

Ook de microbiële veiligheid van salades, bewaard bij koeling, kan aangetoond worden. Voor 

beide productcategorieën kan de software enkel voorspellingen uitvoeren voor producten 

zonder conserveringsmiddelen. Dit maakt het softwarepakket een nuttig hulpmiddel bij 

productinnovatie gezien de druk op het gebruik van chemische conserveringsmiddelen steeds 

verder toeneemt, zowel vanuit de consument als vanuit de autoriteiten (EFSA, 2007). Het 

blijft echter steeds belangrijk bij de interpretatie van de predictieve modellen om over de 

nodige achtergrondkennis te beschikken en daarom is de expertise van een 

voedingsmicrobioloog en een goede opleiding van de eindgebruiker van de software 

onontbeerlijk. 
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Chapter 1 

Literature study 

 

1.1 MICROBIAL SAFETY AND STABILITY OF SAUCES 

AND SALADS 

Sauces can be defined as a range of formulated liquid or semi-solid food products, which will 

alter the sensorial properties of the food to which the sauces have been added (Jones, 2000). A 

major subgroup comprises the ‘pour-over’ sauces which are added to a complete meal in 

order to enhance the sensorial properties according to the consumers’ perspective. This 

subgroup comprises (i) emulsified salad dressings (e.g., mayonnaise, French dressing),  

(ii) emulsified sauces containing particulates (e.g., sauce tartare), (iii) non-emulsified sauces 

(e.g., tomato sauces), and (iv) fruit-based sauces (e.g., cranberry sauces).  

This part of the literature study will, however, only focus on the group of emulsified sauces 

containing, among others, commercial mayonnaise and spoonable (mayonnaise-like) salad 

dressings which are formulated with highly acidic ingredients and pasteurised eggs. These 

products can be generally considered as safe because commercial products contain  

(i) pasteurised eggs, free of Salmonella and other pathogens, and (ii) acidulants, such as 

vinegar and lemon juice, creating a high acid environment that slows down, or prevents, 

bacterial growth. Salt is also an important ingredient in commercial mayonnaises contributing 

to the unfavourable environment for microbial growth. Despite the microbial safety of 

commercial mayonnaise, mixing mayonnaise with contaminated ingredients will not assure 

the safety of these combined mixtures (e.g., mayonnaise-based salads). 

1.1.1 Classification and characterisation of emulsified sauces and salads 

Emulsified sauces can be classified in three categories: (i) mayonnaise, (ii) spoonable 

(semisolid) salad dressings, and (iii) liquid dressings. For a mixture of mayonnaise or dressing 

with another food matrix (e.g., meat, seafood, and vegetables) several names are used in 

literature such as salads, deli-salad, and mayonnaise-based salad. 



Chapter 1 Literature review  2 

1.1.1.1 Mayonnaise  

Mayonnaise contains always three major ingredients: vegetable oils, egg yolk and vinegar. It 

is an oil-in-water type emulsion in which egg is the emulsifying agent and vinegar and salt are 

the principle bacteriological preservatives. The relative concentrations of these three 

compounds are established by law, but can differ from authority to authority.  

In the EU, most countries apply the ‘Code of Good Practice’ which was established in 1991 

by the FIC Europe (Fédération des Industries Condimentaires au niveau européen). This 

report stated that mayonnaise consists of two major ingredients (oil and egg yolk) and must 

contain at least 70% of vegetable oils and 5% egg yolk. In Belgium, however, a royal decision 

of 1955 (KB, 1955) is still applied which stated that mayonnaise must contain at least 80% 

vegetable oils and 7.5% egg yolk. A proposal for a new royal decision is made in 2005 to 

harmonize the Belgian law with the other European countries. However, until now, no 

decision is made. 

In the USA, mayonnaise is defined as a semisolid emulsion of edible vegetable oil (at least 

65%), acidifying ingredients (vinegar, lemon or lime juice), egg yolk or whole eggs, 

seasonings (e.g., salt, sweeteners, spices), colour and/or flavour stabilizers, citric and/or malic 

acid and crystallization inhibitors (FDA, 2006d).  

Generally, the physical stability of mayonnaise is dependent on the amount of oil and egg 

yolk, viscosity, method of mixing, water quality and temperature (Harrison and Cunningham, 

1985). Mayonnaise has a low pH-value (3.0 – 4.2), with 4.5 as the highest value tolerated 

(legal maximum in Denmark) (ICMSF, 2005). The percentage salt is not fixed by regulations, 

and ranges from 1% to 12% on the aqueous phase, leading to a water activity of 0.95 to 0.93 

(Karas et al., 2002; ICMSF, 2005). Acetic acid may be added quantum satis (EU, 1995) but 

will mostly be added at a concentration of 0.8% to 3.0% on the aqueous phase (ICMSF, 

2005), due to organoleptical limitations. According to the European legislation (EU, 1995), 

maximum 1000 ppm of sorbic and benzoic acid, in total, are allowed in these products of 

which benzoic acid is limited to 500 ppm (Table 1.1). 

1.1.1.2 Salad dressing 

Salad dressings are derivatives of mayonnaise which were first prepared in the 1930s. It are 

spoonable mixtures of oil, cooked starch paste and other ingredients, which contain in general 

less egg yolk and oil than mayonnaise, but more sugar, vinegar, and water. The concept of 
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dressings varies across cultures; some are more like vinaigrette, others are based on slightly 

soured cream or based on mayonnaise. In Europe, no legal agreement for emulsified sauces 

different from mayonnaise exists. In the USA, however, salad dressings are defined by the 

Code of Federal Regulation (CFR) as emulsified semisolid foods prepared from vegetable oils 

(at least 30%) containing (i) acidifying ingredients (vinegar, citric or malic acid, lemon juice 

and/or lime juice), (ii) egg yolk containing ingredients (at least 4% of liquid egg yolk), and 

(iii) a starchy paste consisting of salt, sweeteners, spices, monosodium glutamate, stabilizers 

and thickeners, colour and flavour stabilizers, and crystallization inhibitors (FDA, 2006e). 

Typically the acetic acid content ranges from 0.5% to 1.5% of the aqueous phase leading to a 

pH of 3.0 to 4.2. Salt and sugar concentrations vary from 1% to 4% and 1% to 30%, 

respectively (ICMSF, 2005), leading to an aw of approximately 0.95 (Meyer et al., 1989; 

Yang et al., 2003).  

1.1.1.3 Liquid dressings 

The only liquid dressings having an U.S. FDA Standard of Identity are the French dressings. 

This is the name used for liquid food or emulsified viscous fluid food prepared from vegetable 

oils (at least 35%) and acidifying agents. These products contain no egg yolk and or in general 

sweeter than mayonnaise (FDA, 2006c). Other liquid dressings are non-standardized and are 

referred to as ‘pourable’ dressings (ICMSF, 2005). 

1.1.1.4 Reduced calorie mayonnaise 

Due to the consumers’ knowledge that the amount and type of fat consumed has adverse 

influences on several chronic diseases (e.g., obesity, cancer, and cardiovascular diseases), a 

rapid market growth of products with a healthy image occurred. Reduced calorie dressings 

have similar ingredients as full-calorie products. However, the caloric content is reduced by 

replacement of all or part of the oil of a full-calorie formulation with water. This replacement 

may have adverse effects such as alteration of the taste and enhancement of microbial growth. 

Besides, the different oil/water ratio will also affect the pourability or spoonability and the 

‘mouth feel’ of the product (Antaki and Layne, 1990). 

A possibility to achieve mayonnaise-like products with less oil and more water, is the addition 

of fat replacers to the product. To stabilize the emulsion and to increase the viscosity of light 

mayonnaise, fat mimetics such as inulin, pectin, microcrystalline cellulose and carrageen, on 

the one hand, and thickeners, such as alginate (Mancini et al., 2002), modified starch (Sopade 
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et al., 2007), and gums (Wendin et al., 1997; Wendin and Hall, 2001), on the other hand, can 

be used (Liu et al., 2007).  

The moisture content of these low calorie products, increases significantly because of (i) the 

larger water phase and (ii) the high moisture content of fat mimetics preparations, which hold 

water to obtain a texture like fat. As higher moisture content leads to a higher microbial risk, 

an increase of the safety measures is necessary. The most important ones are the increase of 

the organic acid concentrations in the aqueous phase and the control of the pH. Next to higher 

microbial risks, the high moisture content causes a deterioration of the colour of the low fat 

mayonnaise. Also the composition of the fat replacer itself can significantly influence the 

colour (Liu et al., 2007). Improvement of the colour can be achieved by the addition of  

β-carotene or luteine as colorants. Both additives have, however, also disadvantages: luteine 

destabilize the emulsion system and β-carotene makes the mayonnaise samples more liquid-

like during storage (Santipanichwong and Suphantharika, 2007). 

Another possibility to produce reduced caloric foods is the formulation of water-in-oil-in-

water (W/O/W) double emulsions (DeCindio and Cacace, 1995). The rheological properties 

of these W/O/W double emulsions are similar to these of an O/W emulsion (like normal 

mayonnaise) and can therefore be used to reduce the differences between traditional and light 

products. 

1.1.1.5 Mayonnaise-based salads 

Mayonnaise-based salads contain approximately 50% mayonnaise or dressing and 50% of 

another component such as vegetables, meat, fish or seafood. Due to the acetic acid in the 

mayonnaise or the addition of extra acids, the mayonnaise-based salads have a pH between 

4.0 and 5.5. The acetic acid level in the aqueous phase is often between 0.2% and 0.5% 

(ICMSF, 2005). Other characteristics of these products are an aw of approximately 0.98 and 

storage at refrigerated temperatures. Some ingredients (chicken, meat, etc.) are cooked before 

addition but others may not (such as raw vegetables). To reduce the microbial load, these 

vegetables are often washed or marinated in brines (ICMSF, 2005). 

As the acetic acid concentration in the aqueous phase of mayonnaise-based salads is quite 

low, these products are vulnerable to spoilage. Therefore, storage temperature is one of the 

most important factors to control microbial growth in salads. The refrigerated shelf-life of 

mayonnaise-based salads can very between two to eight weeks depending on (i) the initial 
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contamination, (ii) pH, (iii) level of inhibitory acid, and (iv) the concentration and type of 

preservative (ICMSF, 2005). Other significant influencing factors are the physical and 

chemical properties of food components and the location of the microorganisms (e.g., on the 

surface of food components or in the mayonnaise). It can be assumed that the microbial load 

in salads will mainly originate from the food components, other than mayonnaise because 

survival of microorganisms in acidified sauces such as mayonnaise is limited (see 

Section 1.1.3) (Guentert et al., 2005). Consequently, microbial growth will be affected by a 

gradient of environmental conditions that occur around the individual food components 

(Hwang and Tamplin, 2005). The equilibrium pH-value of mayonnaise-based salads will be 

achieved after a certain storage period and will be higher than that of the freshly made product 

(Abdulraouf, 1993; Hwang, 2005; Hwang and Tamplin, 2005; Hwang and Marmer, 2007). 

Marinating meat, fish or vegetables to reach a sufficient low pH before mixing with 

mayonnaise may adequately reduce growth of spoilage microorganisms or pathogens 

(ICMSF, 2005). Post-process contamination is, however, also possible (Guentert et al., 2005). 

The type of food component will also influence the growth in salads; compounds with a more 

favourable growth environment, e.g., with high nutrient content and pH buffering capacity, 

will support the growth in salads. Components such as eggs, seafood, meat and, fish with 

higher protein contents and, by consequence, a higher pH-buffering capacity are likely to 

provide a more favourable growth environment for microorganisms than carbohydrate-rich 

components such as pasta or potatoes (Hwang, 2005; Hwang and Tamplin, 2005; Hwang and 

Marmer, 2007).  

As mayonnaise-based salads form a heterogeneous group of products, different findings for 

the same microorganisms in different salad formulations can be obtained. This can be 

attributed to (i) the interaction of pH, temperature, antimicrobial ingredients, (ii) the physical 

and chemical properties of the food, and (iii) the physical positioning of ingredients and 

microorganisms throughout the food (Hwang and Marmer, 2007). As the distribution of the 

food components as well as of the microorganisms in the product are influencing the growth 

of microorganisms, a lot of attention must be paid to the development of challenge test 

protocols (e.g., on inoculation procedure, mixing of the product, sampling, etc.). 

1.1.2 Preservation methods 

Three major factors can cause quality deterioration in mayonnaise and mayonnaise-based 

products (i) emulsion instability, (ii) flavour deterioration, due to oxidation and hydrolysis, 



Chapter 1 Literature review  6 

and (iii) off-flavours and acidification due to microbial growth. The focus in this section will 

be on the different methods able to prevent growth of spoilage and pathogenic 

microorganisms in acidified products. In these products, a combination of food stresses are 

applied in order to keep their individual level low (a concept referred to as combination 

technology or hurdle concept) (Leistner, 1995). To make this combination technology more 

accessible to for example food producers, predictive modelling can be used (see Section 1.2). 

As an example of these models, the CIMSCEE code, which is nowadays often used to predict 

the stability of acidified sauces, is also incorporated in this section. 

Preservation of acid sauces and mayonnaise-based salads is predominantly focusing on 

acidification and decrease of water activity by addition of soluble compounds. Addition of 

acids, is one of the most ancient, simple but effective methods to prevent diseases caused by 

foodborne pathogens and is also an effective preservation method. The amount of acids which 

can be added depends on the acid, the food type, the taste, and the purpose for which it is 

added. Acids can be divided in three groups according to their purpose (i) acidulants, which 

are added in large quantity, (ii) preservatives, which are used in moderate amounts, and  

(iii) flavours and antioxidants used in small quantities.  

1.1.2.1 Acidulants 

Acidification by acidulants relies predominantly on the release of protons, which depends on 

the strength of the acid. Weak acids in solutions form equilibria between the undissociated 

acid molecules and charged anions and protons. These equilibria are dependent on the pH of 

the medium and the pKa-value of the acid. The pKa-value of most of the food related organic 

acids lies between pH 3.0 and 5.0 (Doores, 2005). As the undissociated form of the acids is 

believed to have the highest antimicrobial activity, use of acids is advised for foods with pH-

values less than 5.0. The choice of acidulant will depend on the pH of the food and the pKa of 

the acid but also on other factors such as taste, influence on browning, synergistic effects with 

antioxidants by chelating metal ions, etc. It should be noted that various bases are applied to 

express the order of antimicrobial activity between different acids. Based on equal pH-values 

acetic acid will be the most antimicrobial, followed by lactic, citric, malic and hydrochloric 

acid. Based on equal molar concentrations, however, citric acid is more inhibitory than acetic 

acid (Sorrells et al., 1989). 

Early reports, published in 1896 and referred to in Levine and Fellers (1939), mention the 

higher activity of the undissociated acids. Eklund (1983) suggested that this is not an effect on 
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intracellular pH (pHin) only but is also caused by the increased activity of the undissociated 

forms as such. The mechanism of action is based on the diffusion of the lipophillic acid 

molecules through the plasma membrane into the cytoplasm (Stratford and Rose, 1986). 

There, the molecules dissociate into charged ions due to the high intracellular pH. The formed 

anions, on the one hand, will accumulate in the cells as the impermeability of the membrane 

towards the charged ions inhibits the diffusion and the released protons, on the other hand, 

will acidify the cytoplasma (Lambert and Stratford, 1999). Cytoplasmic protons are also 

partly expelled by the membrane bound H+-ATPase, which is an energy expensive protective 

mechanism (Fig. 1.1). The acidification of the cytoplasm will prevent growth by (i) inhibition 

of glycolysis (Krebs et al., 1983), (ii) prevention of active transport (Freese et al., 1973) or 

(iii) interference with signal transduction (Thevelein, 1994). The validity of this mechanism 

of action has, however, been questioned because it can not explain (i) the very different 

antimicrobial properties of acids with the same pKa-values such as sorbic and acetic acid 

(Stratford and Anslow, 1998), and (ii) why some weak acid preservatives are still active  

at higher pH-values, such as citric acid (Stratford and Anslow, 1998; Lambert and  

Stratford, 1999). 

Another important characteristic of acidulants is their influence on the buffer capacity, which 

depends on the pKa-value of the applied acid. At conditions within this buffer region the 

released protons will have a smaller impact on the pH of the media and will form again 

undissociated acids with the present dissociated forms (Thomas et al., 2002). 

Resistance to the acids will be dependent on the microorganism but can be summarised as 

three possible mechanisms: (i) destruction of the inhibiting agent, (ii) prevention of entry or 

removal of the inhibitor from the cell, and (iii) alteration of the inhibitor agent or amelioration 

of the damage caused (James and Stratford, 2003). Following paragraphs will discuss the 

different acidulants often used in acidified food products such as sauces and mayonnaise-

based salads. The mechanism of resistance, conversely, will be discussed more in detail for 

each microorganism in Section 1.1.3 and 1.1.4.  
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Figure 1.1: Inhibition mechanism of weak acids. Only uncharged weak acid molecules (HA) 

diffuse through the plasma membrane. Charged anions (A-) and protons (H+) are 

retained within the cell. Cytoplasmic protons are expelled by the membrane bound 

H+-ATPase (adapted from Lambert and Stratford (1999)) 

 

Hydrochloric acid 

Hydrochloric acid is a strong acid with a molecular weight of 36.46 g/mol. The pKa-value is 

so low that HCl will dissociate completely in aqueous solutions. As there are no undissociated 

forms present in the solution, the antimicrobial activity is poor and only based on decreasing 

the pH of the food. The low pH of food as such will stress the present microorganisms and 

make them more susceptible to other stress factors applied in the food. Besides, the low pH 

will reinforce the antimicrobial action of the present weak acid as more acid will be in the 

undissociated form at low pH. According to the European legislation (EU, 1995), HCl can be 

added quantum satis. However, its concentration will be limited due to the organoleptic 

characteristics of the food. 

Acetic acid 

Acetic acid has a molecular weight of 60 g/mol and has one of the highest pKa-values  

(pKa = 4.75) among other organic acids. Therefore, it is probably the most used acidulant in 

the food industry, particularly for the production of mayonnaise, dressing and sauces. 

According to the European legislation (EU, 1995) this acid may be added quantum satis. Its 

concentration is, however, limited due to its pungent odour and taste. Acetic acid will increase 

the buffer capacity of a food at pH-values between 3.6 and 5.6. 
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Generally, vegetative cells are rapidly killed by acetic acid, while the endospores of spore 

forming bacteria remain viable. In case germination of these spores occur, growth of the cells 

will be inhibited (Smittle, 1977). The advantage of acetic acid is that lower concentrations can 

be used compared to lactic acid and HCl to inhibit microbial growth in media at the same pH 

(Levine and Fellers, 1939). Some salts derived from acetic acid (Ca2+-, Na+- or K+-acetate) 

can substitute acetic acid in certain formulations. These salts are expected to have the same 

antimicrobial properties as the acid at the same pH-values (Doores, 2005).  

Lactic acid 

The pKa-value of lactic acid (molecular weight of 90 g/mol) is lower (pKa = 3.86) than the 

one of acetic acid, which implies (i) a lower amount of undissociated forms at the same pH, 

(ii) a lower antimicrobial activity or (iii) a higher concentration (expressed as weight-%) that 

needs to be added to achieve the same antimicrobial effect as acetic acid. Lactic acid will 

buffer the medium at pH between 2.7 and 4.7, values typical for acidified sauces. 

The advantage of lactic acid is, however, its smooth and mild taste compared to other 

acidulants. This makes it possible to use it in higher quantities. According to the European 

legislation (EU, 1995), lactic acid may be added quantum satis, but again the concentrations 

added will be limited by sensorial characteristics. In sauces and mayonnaise-based salads also 

salts derived from lactic acid can be used (e.g., Na+- and K+-lactate). 

Citric acid 

Citric acid is a tricarboxylic acid with a molecular weight of 192.12 g/mol and pKa-values of 

3.13, 4.76 and 5.8. These lower pKa-values limit the antimicrobial activity of citric acid. 

Therefore, this acid is mostly used for its capacity to lower the pH. The pH-range of a citric 

acid buffer is broad but the buffer capacity of citric acid is not that good because the values of 

the three dissociation constants are too close to permit distinction of three proton receptor 

places. Different from the other acidulants, the antimicrobial effect of citric acid as such is 

higher at higher pH-values (Praphailong and Fleet, 1997; Battey et al., 2001). This proves that 

the growth inhibitory mechanism of citric acid is different than for acetic and lactic acid. For 

bacteria, citric acid will inhibit growth at high pHs by chelating divalent metal ions from the 

medium, resulting in ion depletion (Brul and Coote, 1999; Stratford, 2000). For yeasts, it is 

stated that citric acid inhibits growth of Saccharomyces cerevisiae and Zygosaccharomyces 

bailii by chelating Mg2+ and Ca2+, although the mechanism of action is different for both 
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yeasts. For S. cerevisiae changes in the metabolism occurred at higher pH-values combined 

with higher citric acid concentration. The ethanol production lowered and the glycogen 

production increased which lead to lower ATP-production. This change in energy metabolism 

was, however, not observed in Z. bailii while the inhibitory activity of citric acid was the 

same (Nielsen and Arneborg, 2007). 

Citric acid is favoured in sauces because of its light fruity taste. It is highly water soluble and 

enhances the flavour of a variety of foods. The concentrations that can be used in foods are 

unlimited (EU, 1995). A comparison of equimolar concentrations of several organic acids 

identified citric acid as the most antimicrobial acid for Listeria monocytogenes (Sorrells et al., 

1989) and Yersinia enterocolitica (Brackett, 1987). Based on equal weight-%, acetic acid will 

have the most antimicrobial effect because of the lower molecular weight and the higher pKa-

value, as mentioned above (Sorrells et al., 1989). 

Glucono-delta-lactone 

Glucono-delta-lactone (GDL), with a molecular weight of 178.14 g/mol, is naturally found in 

honey, fruit juices, and wine. It gives a tangy acid taste and is metabolised to sugar by the 

human body. It is mostly produced by fermentation of glucose to gluconic acid and afterwards 

it is separated by crystallisation (Eq. 1.1).  

 

 Cristallisation 
Glucose Gluconic acid GDL 
 Oxydation Hydrolyse 

 (Eq. 1.1) 

 ½ O2 - H2O 
C6H12O6 C6H12O7 C6H10O6 

 + H2O 
 
 

GDL is soluble in water and non-toxic. The reversibility between gluconic acid and GDL 

(Eq. 1.1) exhibits its typical properties, namely a gradual but continuous decrease of pH in the 

food. As GDL converts to gluconic acid its taste characteristics change from sweet to slightly 

acidic. It is the slow rate of acidification and the mild taste characteristics that makes GDL 

different from other acidulants. However, the antimicrobial activity of GDL as it is 

transformed into gluconic acid will be limited. It is not known whether GDL has any 

antimicrobial activity beyond a pH lowering effect just like HCl (Barmpalia et al., 2005). It is 
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typically used in dairy products, meat products, bakery products, dressings (spoonable and 

pourable) and in reduced-calorie mayonnaises. The increased moisture content in these latter 

products (see Section 1.1.1.4) demands that the microbiological stabilizing system employed 

in the products need to be increased. Elevating the acid content creates adverse tartness and 

flavours, particularly in low fat and fat free salads, because the fat, that partly masks this sour 

taste, is missing. The use of GDL, which has a low acidic flavour, can be an advantageous 

alternative in these products (Erickson and Meiners, 1997). 

In the European Union, GDL is listed as generally permitted food additive and may be added 

following the quantum satis principle (EU, 1995). The FDA assigned GDL as generally 

recognised as safe (GRAS) which permit its use in food without limitations (FDA, 2006b). 

1.1.2.2 Chemical preservatives 

As the general mechanism, explaining inhibition by weak acid, fails to explain some 

properties of chemical preservatives (see Section 1.1.2.1), it has been proposed that the more 

hydrophobic preservatives inhibit the cell through disruption of membrane structure and 

interference with the glycolysis leading to an energy crisis (Piper et al., 2001). 

The inhibition of growth can, by consequence, be related to the decreased level of energy 

available for growth because of this energy expensive mechanism (Lambert and Stratford, 

1999). 

Sorbic acid 

Sorbic acid (C5H7COOH) is a weak acid with a pKa-value of 4.76 and a molecular weight of 

112 g/mol. It became commercially available after World War II, which resulted in its 

extensive use as preservative in food. The uptake and diffusion of sorbic acid into food is 

influenced by the food compounds, structure, pH, and moisture content. As the solubility of 

sorbic acid in fat is three times higher than in water, its potassium salt is mostly used in food.  

The inhibiting activity of the acid and the more water soluble salts depends among others 

from the microbial type, substrate properties, and environmental factors (Stopforth et al., 

2005). Generally, the minimal inhibitory concentration (MIC) is in the range of 200 ppm to 

3000 ppm but will also be influenced by the microbial load on the food. Higher levels will be 

necessary at higher contamination levels, which is attributed to the diversity of cells within a 

large inoculum towards sorbic acid resistance (Steels et al., 2000). This implies that the 
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necessary concentrations are sometimes higher than the maximum allowed concentrations in 

several acidified products (Table 1.1). The highest antimicrobial activity is found towards 

yeast and moulds but also several bacteria are susceptible to sorbic acid. 

Although, the mechanism of action is not fully defined yet, it is known that it will also depend 

on the physiological state of the microorganism. Microbial metabolic functions are probably 

inhibited as a result of alterations of (i) morphology and appearance of cells (Statham and 

McMeekin, 1988), (ii) genetic material, (iii) cell membrane, and also (iv) by enzyme 

inhibition (Davidson, 1997; Stopforth et al., 2005). High concentrations of sorbic acid may 

even lead to generation of holes in the cell membranes (Stopforth et al., 2005). Spore 

germination is believed to be inhibited by action on spore membranes or protease enzymes 

involved in germination (Sofos et al., 1986). Lactic acid bacteria are, despite some exceptions, 

known as resistant towards sorbic acid (Davidson, 1997). 

Like for other weak acids, sorbic acid is more active at low pH-values, although certain 

studies have indicated antimicrobial activity of sorbates at a pH as high as 7.0 (Sofos and 

Busta, 1981; Statham and McMeekin, 1988). This is an advantage that sorbates have over the 

other chemical preservatives such as benzoates. The activity at these higher pH-levels, 

however, will be 10 to 600 times lower. Next to this pH effect, also other factors can enhance 

the antimicrobial activity of sorbates and sorbic acid, such as CO2 (El Halouat and Debevere, 

1996), vacuum and modified atmosphere storage (Stopforth et al., 2005), presence of sugar 

and salts (Beuchat, 1981), and combination with antioxidants (Stopforth et al., 2005). 

Sorbates can also sensitize some cells to other inactivation techniques such as high hydrostatic 

pressure (Mackey et al., 1995; Palou et al., 1997) and heat (Splittstoesser et al., 1996).  

Another advantage of sorbic acid is its low toxicity. Different studies were performed on the 

acute as well as the chronic toxicity (Stopforth et al., 2005). These showed that concerning 

acute toxicity, sorbate can be considered as one of the least harmful preservatives used (even 

less than common salt (NaCl)). The chronic toxicity studies have shown no abnormalities and 

no carcinogenic and mutagenic effects. As sorbic acid is a metabolisable fatty acid, the World 

Health Organisation (WHO) has set the acceptable daily intake (ADI) for sorbate at 25 mg/kg 

body weight per day. Even if sorbic acid reacts with other compounds present in food (e.g., 

amino acids) no toxic compounds were formed.  
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An important disadvantage of sorbate is that it will degrade at higher temperatures or by the 

activity of microorganisms. Campos and Gerschenson (1996) and Gliemmo et al. (2004) 

proved that sorbate degrade at temperatures higher than 35°C. However, the degradation 

products formed, performed similar or slightly smaller antimicrobial activity on 

Staphylococcus aureus (Campos et al., 2000). Microbial degradation can be performed by 

yeast and moulds which are able to metabolize the present sorbic acid in different compounds 

leading to a ‘plastic’, ’petroleum’ off-odour. One of these components is identified as 1,3-

pentadiene (Sofos and Busta, 1993; Casas et al., 1999). Also lactic acid bacteria can degrade 

sorbate to e.g. ethyl-sorbate, 4-hexenoic acid associated with geranium-type off-odours 

(Edinger and Splittstoesser, 1986). This latter phenomenon occurs mostly in wine 

contaminated with high levels of lactic acid bacteria.  

Table 1.1: Maximum allowed concentrations of benzoic and sorbic acid in sauces and 

mayonnaise based salads in selected countries/regions 

Country/ 

region 

Product type Benzoic acid 

(BA) 

Sorbic acid 

(SA) 

BA + SA Reference 

Emulsified sauces with 

> 60% fat 
500 1000 1000 

Emulsified sauces with 

< 60% fat 
1000 2000 2000 

Non-emulsified sauces   1000 

Prepared salads   1500 

Europe 

Mustard   1000 

(EU, 1995) 

US Salads/Salad dressings/ 

Sauces 
1000 -a  (FDA, 2006f) 

Canada Salads/Salad dressings/ 

Sauces 
1000 1000  (FDR, 2007) 

a No limit, added in accordance with GMP (Good Manufacturing Practice) 

Benzoic acid 

Benzoic acid (C6H5COOH) occurs naturally in plums, cinnamon, cloves, cranberries, and 

other berries (Davidson, 1997). As the undissociated form of benzoic acid (pKa = 4.2) has the 

highest antimicrobial activity, the most effective pH-range is 2.5 to 4.5 (Battey et al., 2002). 

Eklund (1985) demonstrated, however, that also the dissociated form inhibits bacteria and 

yeasts but 15 to 290 times less than the undissociated forms. The antimicrobial activity of 

benzoic acid will also be lowered in foods with high protein or lipid content (RamosNino et 
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al., 1996). This is due to its accumulation in the lipid phase (Heintze, 1978) and the binding to 

proteins and lipids (Ganzfried and McFeeter, 1976). 

In literature, comparisons of the antimicrobial activity between sorbic and benzoic acid are 

inconsistent and dependent on the microorganism. For yeasts, some studies showed that 

benzoic acid was more inhibitory than sorbic acid (Beuchat, 1981; Battey et al., 2002). The 

opposite was obtained by Wind and Restaino (1995) and Praphailong and Fleet (1997) who 

demonstrated a higher antimicrobial effect of sorbic acid towards yeasts. K-sorbate compared 

with a mixture of the two preservatives gave almost no differences in inhibitory effect (Wind 

and Restaino, 1995). For moulds K-sorbate was more inhibitory than benzoate at pH ranging 

from 2.8 to 3.8 (Battey et al., 2001). Concerning mayonnaise-based salads, Na-benzoate will 

inhibit yeast and moulds less compared with K-sorbate because the optimal pH-range for 

benzoic acid is limited, while K-sorbate shows activity until pH 6.5 (Wind and Restaino, 

1995).  

The maximum allowed quantities for benzoic acid of different countries are summarized in 

Table 1.1. As benzoic acid has low water solubility, the sodium salt is in practice mostly used. 

Although lately, the potassium salt, which is less water soluble, becomes more popular in 

response to the consumers’ interest in reduced sodium intake. The calcium salt is also 

approved for use, although its water solubility is much less than the one of the other salts 

(Chipley, 2005). 

Benzoic acid and benzoates are generally recognised as safe (GRAS-status) and the ADI 

(acceptable daily intake) for benzoic acid lies between 0 and 5 mg/kg of body weight per day. 

Besides, it does not seem to accumulate in the body. Short-term exposure to benzoic acid 

leads to irritation of eyes and skin. Despite the contradictory results about the carcinogenicity 

in animals, benzoic acid is not classified as carcinogenic. In 1999, Piper published a study 

describing the pro-oxidative and mutagenic effect of preservatives on the mitochondrial 

genome in aerobically maintained yeasts. This raised the concern that these chemicals may 

also cause oxidative stress in humans, leading to genetic diseases of humans, development of 

a wide range of different cancers, etc. This sentence has been the reason for several questions 

by the authorities and the public towards these chemical preservatives. It is clear that the 

potential for weak acid preservatives to act as pro-oxidants in humans should be re-examined, 

if only to reassure the public of the safety of these compounds. More recently, in a study on 

the authority of the UK Food Standard Agency (FSA) researchers found that a mixture of 
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certain food colours and the preservative Na-benzoate could be linked to an adverse effect on 

the behaviour of hyperactive children. Therefore, these compounds will be re-evaluated on 

their safety by the EFSA (EFSA, 2007). Due to the inconsistent results, the consumers’ 

awareness about the presence of chemical preservatives in food increases. This forces the 

food industry to produce their products without these preservatives. However, the absence of 

benzoic acid in products will shorten the shelf-life significantly and may increase the risk in 

pathogen growth. Among others growth/no growth models are in that case very useful tools to 

define combination of other preservative techniques that can avoid a rapid spoilage of 

pathogenic growth in several food products.  

The main advantages of benzoic acid and benzoates are the low price (approximately two 

times cheaper than sorbic acid), the ease of incorporation in the food, the lack of colour 

(Chipley, 2005), and the lower susceptibility to oxidation and degradation (Battey et al., 

2001). Drawbacks of this product are, however, the narrow pH-range at which activity occurs 

(Wind and Restaino, 1995), the burning after taste (Battey et al., 2001), and the toxicologic 

properties (Chipley, 2005). Another disadvantage is that if benzoates are added to a food in 

combination with ascorbic acid, there exists a risk to generate detectable levels of benzene. 

This, however, will be more problematic in fruit juice and soft drinks than in acidified sauces 

(Chipley, 2005).  

1.1.2.3 aw 

Soluble compounds, particularly salt and sugar, decrease the amount of water available for the 

microorganisms. This has a major influence on their survival. As for other preservation 

techniques, the amount that can be added will be limited due to the organoleptical reasons 

(Jones, 2000). Addition of soluble compounds has, however, conflicting effects on the 

antimicrobial activity of sorbates. On the one hand, it will reduce the concentration of 

sorbates in the aqueous phase but, on the other hand, the compounds (e.g., sugar and salt) will 

enhance antimicrobial activity of sorbates (Stopforth et al., 2005).  

1.1.2.4 Temperature 

For commercially processed mayonnaise, ambient temperature is mostly advised as 

distribution and storage temperature. At this temperature, higher inactivation rate will be 

obtained for acid products of which the pH is that low that inactivation of pathogens occur 

(Ahamad and Marth, 1989; Uljas et al., 2001; Rhee et al., 2003). At these temperatures, 
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microorganisms in hostile environments will use every possible repair mechanism to keep 

their homeostasis (i.e., the tendency to stability and uniformity in the internal status of the 

microorganism). By doing this, the microorganisms will use all the energy available and will 

die because of metabolic exhaustion (autosterilisation of the product) (Leistner, 1995). For 

example, for Escherichia coli O157:H7 several researches found that strains survived longer 

at refrigerated temperature than at room temperature in mayonnaises, ketchup (Tsai and 

Ingham, 1997) and mustard (Mayerhauser, 2001). Examples of longer survival times at low 

temperatures for other pathogens are mentioned in Section 1.1.3.1. Due to the fast inactivation 

at ambient temperatures, several authors advise to store mayonnaise and other acidified sauces 

first 48-72 hours at room temperature before storage of opened packages at refrigerated 

temperatures (Smittle, 1977), as too long storage at room temperature may lead to spoilage. 

The increased survival at refrigerated temperatures was also observed in mayonnaise-based 

salads at pH < 5.2 for L. monocytogenes (Guentert et al., 2005).  

Generally, for mayonnaise-based salads refrigerated storage conditions are advised because of 

the less stressful intrinsic factors compared to acidified sauces. If the cold chain would not be 

respected growth of several pathogens may be possible (Section 1.1.4.1). If the product is 

stored at refrigerated conditions growth of L. monocytogenes, a psychrotrophic pathogen, may 

occur. Although it should be remarked that the intrinsic factors of commercial mayonnaise-

based salads should inhibit growth of this pathogen. 

1.1.2.5 Spices 

A large amount of herbs and spices are known for their antimicrobial activity. Recent reviews 

can be found in (Ceylan and Fung, 2004; de Souza et al., 2005). Although the results of the 

antimicrobial activity are not always consistent, thyme, clove, oregano, rosemary, and sage 

are assumed to be the most effective spices and herbs (Shelef et al., 1984; Cosentino et al., 

1999). Concerning their antimicrobial activity, Gram positive bacteria seemed to be more 

sensitive than Gram negatives. Some spices and herbs exhibit also antimicrobial activity 

towards moulds (e.g., oregano towards Aspergillus niger, Fusarium oxysporum and 

Penicillium species (Daouk et al., 1995)). Antimicrobial activity tests with spices and herbs in 

mayonnaise and derived products are rare. Leuschner and Zamparini (2002) performed 

survival tests with Salmonella entiritidis in mayonnaise (pH 4.25) with 1% garlic and found 

that the garlic had first a bacteriostatic effect (during one day at 25°C) and later inacitivation 

occurred. After five days S. entiritidis was present in amounts below the detection limit 
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(102 CFU/ml) in the mayonnaise with 1% garlic, while in the control mayonnaise still 6.8 x 

103 CFU/ml was encountered.  

Next to spices and herbs as such, their extracts, aromatic oily liquids called essential oils, 

exhibit antimicrobial activity. Essential oils contain a variety of individual components of 

which some are present in a higher amount (up to 85%) whereas others are present as a trace 

(Senatore, 1996). These trace compounds have probably an important role in the antimicrobial 

activity by producing a synergistic effect between other components. This was demonstrated 

for sage, oregano, and certain Thymus species (Burt, 2004). As different groups of chemical 

compounds are present in essential oils, the antimicrobial activity can not be attributed to one 

specific mechanism and several targets are probably present in the cells (Skandamis et al., 

2001). Comparing the antimicrobial activity of essential oils between several studies is 

difficult because it will depend on (i) the extraction method used, (ii) the microbial load,  

(iii) the growth phase of the microorganisms, (iv) the culture medium used, (v) the pH of the 

medium, (vi) the incubation time and temperature, and (vii) the different definitions used for 

the MIC (Burt, 2004). Generally, essential oils with the highest antimicrobial activity contain 

a high percentage of phenolic compounds.  

In food systems, tests were performed on meat and meat products, fish and fish products, 

dairy products, vegetables, fruit, and rice (Burt, 2004). In general, the antimicrobial activity in 

these foods will be lower than in laboratorial media because of the binding with proteins and 

the solubility in the aqueous phase. If higher concentrations are necessary in foods, sensorial 

deterioration of the products appears. Therefore, essential oils have most potential to be used 

in foods generally associated with herbs, spices or seasonings. Higher antimicrobial activity 

will occur in foods with a low pH, stored at low temperatures and with lower amount of 

oxygen present in the packaging. At low pH, the hydrophobicity of an essential oil increases, 

enabling it to dissolve more easily in the lipids of the cell membrane of the target bacteria 

(Juven et al., 1994). This higher hydrophobicity, however, will also cause a higher solubility 

in the lipid phase of the product, and, by consequence, less essential oils will be available to 

act on the bacteria in the aqueous phase. This makes essential oils less suitable for 

mayonnaise and mayonnaise-based salads. Besides, due to the characteristic structure of 

emulsions, bacteria growing within colonies between the oil droplets will be protected from 

the action of essential oils. Tassou et al. (1995) performed tests with mint oil in different 

salads and found out that it was less active in fish roe salads compared with cucumber and 

yoghurt salad which had a much lower fat content. 



Chapter 1 Literature review  18 

1.1.2.6 Combination technology 

Combination technology or the more popular term ‘Hurdle concept’ describes the effect of 

using a combination of preservative factors in a food to ensure microbial safety and stability 

as well as the sensory and nutritional quality of most foods. Using combination of 

preservative factors will amplify the effects of inactivation treatments separately, implying 

that the severity of the inactivation technique may be reduced. To make correct choices of 

preservatives, it is essential to know their effects and limits on the inhibition or inactivation of 

relevant microorganisms, on the one hand, and their side effects on the sensorial 

characteristics and nutritional quality of the food, on the other hand (Leistner and Gould, 

2005). The knowledge and use of combination techniques was in the past predominantly 

empirically derived. Lately, however, predictive microbiology is offering a more logically 

based approach. The development of growth/no growth models will encourage the use of 

many preservative systems, particularly for foods with long ambient stable shelf-lives. By 

quantifying the results it was seen that if a mixture of preservatives is added to the food, a 

small increase in severity of one factor (X1      X2) can allow a much lower concentration of 

another factor (Y1      Y2) to obtain the same probability of growth (Fig. 1.2). 

 

Figure 1.2: Theoretical example of a growth/no growth interface determined by two 

environmental conditions 

 

For mayonnaise and other sauces, different growth/no growth models are already developed. 

Concerning safety, McKellar et al. (2002) and Chapman et al. (2006) developed a growth/no 

growth model for E. coli O157:H7 in mayonnaise and acidic sauces, respectively. Jenkins et 

al. (2000) developed a growth/no growth model to predict the stability of sauces, based on the 

growth probability of Z. bailii. The model which is nowadays mostly used in practice is the 

CIMSCEE code published in 1992 by the Comité des industries des mayonnaises et sauces 
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condimentaires de communauté economique européenne. These latter models, established for 

safety and stability, will be used as a type-example for the link between combination 

technology and predictive modeling (CIMSCEE, 1992). Next to acidulants, these models take 

into account soluble compounds (salt, hexose, and dissacharide) as growth inhibiting factor 

(Section 1.1.2.3). 

The models are based on research performed by Tuynenburg Muys (1971) about ways to 

control spoilage organisms typically associated with these products (Eq. 1.2) and 

microbiological safety of acidic emulsions (Eq. 1.3). The models are valid for all sauces 

containing acetic acid, irrespective of the preparation method or the presence of 

supplementary preservatives.  

The ‘stability formula’ (Eq. 1.2) is based on the potential spoilage by yeast and lactic acid 

bacteria.  

Σ = 15.75 (1 – α) (total acetic acid %) + 3.08 (salt %) + (hexose %) 

 + 0.5 (disaccharide %) (Eq. 1.2) 

where all % are expressed in terms of the weight-% in the aqueous solution and (1-α) is the 

proportion of the total acetic acid which is undissociated. If the Σ −value exceeds 63, the 

product can be considered as microbial stable. In case the value is close to 63, microbial 

stability should be checked by extra challenge tests. 

To develop the model, four acid resistant microorganisms (Lactobacillus buchneri, Pichia 

membranaefaciens, Saccharomyces acidifaciens, and Moniliella acetoabutans) were 

examined. The mould, M. acetoabutans was the most acetic acid resistant one. As this 

microorganism is rare in pickles and sauces, it was left out of the used data set.  

The ‘safety code’ is based on a 3 log reduction of E. coli in less than 72h at ambient 

temperature. Following formula was obtained 

Σs = 15.75 (1 – α) (total acetic acid %) + 3.08 (salt %) + (hexose %) 

 + 0.5 (disaccharide %) + 40 (4.0 – pH) (Eq. 1.3) 

where all % are expressed in terms of the weight-% in the aqueous solution and (1-α) is the 

proportion of the total acetic acid which is undissociated. If the value Σs exceeds 63 safety is 

assured.  
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It should be remarked that both formulas are valid for products with pH between 3.0 and 4.5 

(range of the experimental design). At pH-values below 3.0, underestimations of stability are 

likely and at pHs above 4.5, expertises and extra testing are necessary. Another important 

remark concerning the use of this formula is that the spoilage microorganisms were first acid 

adapted while this was not done for E. coli in the ‘safety code’. 

Disadvantages of this code are diverse: (i) the formulas do not include other acids which are 

often used as acidulants in acidified sauces, (ii) a deterministic approach was used implying 

that predictions on the probability of growth are not possible, and (iii) the limited incubation 

period during which the experiments were performed (21 days at 25°C for the stability code 

and 72h at ambient temperature for the safety code). The two latter disadvantages are, 

however, also encountered in other growth/no growth models (see Section 1.2.3.1). 

1.1.3 Relevant microorganisms in emulsified sauces 

Already in the 1950s several studies focused on the microbial stability and safety of 

mayonnaises. An overview of these studies is published in a review by Smittle (1977). In 

general, it could be concluded that, on the one hand, the contamination level is low, 

particularly for foodborne pathogens, and, on the other hand, that the specific spoilage 

microorganisms are lactobacilli and yeasts. 

Numerous researches have reported on the safety of commercial emulsified sauces and all 

have shown that pathogenic microorganisms will be inactivated when introduced in 

mayonnaise and mayonnaise-like products (see Section 1.1.3.1). The rate at which these 

foodborne pathogens will die off is depending on (i) the organism, (ii) the acid type, (iii) the 

acid concentration, (iv) the storage temperature, (v) the organism adaptability, and (vi) the pH 

(Smittle, 2000). 

Note that the typical structure of emulsified foods will have an influence on microbial growth 

as it can affect the local environment perceived by the microbial cell. It has been shown that 

microorganisms in emulsion grow slower than in a liquid medium. The increase in generation 

time can be explained by several factors. Space limitation can be responsible because the 

space between the droplets in the emulsion have similar dimensions (1 – 2 µm) as bacterial 

cells (1 – 5 µm) (Prachaiyo and McLandsborough, 2003). Brocklehurst et al. (1995) showed 

that the microstructure immobilised the bacteria, which were constrained to grow as colonies. 

Manipulations of the droplet size of the emulsion altered the morphology and the growth rate 



Chapter 1 Literature review  21 

of the bacteria. Another reason may be the nutrient limitations in the emulsions as the 

diffusion will be slower than in the aqueous phase (Brocklehurst et al., 1995). A third reason 

can be the concentration of metabolites which accumulate in the aqueous phase and which 

may reach a critical concentration resulting in inhibition of further growth. This latter is most 

important at higher levels of oil phase (> 80% (w/v)) (Verrips et al., 1980; Brocklehurst et al., 

1995; Charteris, 1996). Prachaiyo and McLandsborough (2003) performed morphology 

studies on E. coli O157:H7 in emulsion with maximum 40% oil and found out that in liquid 

(control) the cells had coccal forms while cells grown in emulsion were rod-shaped and 

produced thin aggregative filaments. This difference in morphology was attributed to 

starvation due to limited nutrient diffusion as it disappeared by increasing the carbon source. 

Other authors, however, stated that these microenvironments may protect the cell from 

exposure to stomach acid and which will lower the infective dose of the cells (Buchanan et 

al., 2000). The microbial stability will be predominantly determined by growth of yeast and 

lactic acid bacteria (see Section 1.1.3.2). 

1.1.3.1 Pathogenic microorganisms 

The intrinsic properties (pH, aw, and presence of organic acid) of mayonnaise and dressings 

will in general prevent growth of pathogenic bacteria. These properties together with chemical 

preservatives (such as sorbic and benzoic acid) and extrinsic factors (temperature and 

atmosphere) will determine the inactivation rate of the different pathogens. Next paragraphs 

aim to give an overview of the different survival studies performed for the most important 

pathogens in mayonnaise, salad dressings, and reduced-calorie mayonnaise. Also the 

resistance mechanism to the harsh environments encountered in these products will be 

discussed. As acid adaptation can lead to increased resistance to subsequent acid stress, 

surviving cells in acidified products may pass through the acidic environment of the stomach. 

This acid adaptation has been reported for various foodborne pathogens such as 

L. monocytogenes, Salmonella typhimurium, S. aureus, and E. coli O157:H7. 

Salmonella 

Salmonella contamination in mayonnaise and salad dressings is mostly originating from 

unpasteurised egg yolk and/or whole eggs. Therefore, home-made mayonnaise mostly 

prepared with raw eggs are causing the majority of infection associated with these products 

(Radford and Board, 1993; FDA, 2006a). Although inactivation of Salmonella occurs in these 

products, there exists a risk of infection because of the low infection dose (10-25 CFU) of this 



Chapter 1 Literature review  22 

pathogen (FDA, 2006a). Commercial mayonnaise and salad dressings are, in general, less 

contaminated because pasteurised eggs are mostly used.  

Next to the low chance of contamination, the intrinsic and extrinsic conditions of mayonnaise 

and dressings will inhibit growth of Salmonella and, by consequence, minimize the chance of 

outbreaks related to these products. Generally, Salmonella will be inactivated in a mayonnaise 

or dressing because of different hurdles. Firstly, the low pH of the products, particularly if 

combined with acetic acid as acidulant because it has been demonstrated that the minimum 

pH for growth (3.94) (ICMSF, 1996d; Koutsoumanis et al., 2004b) will increase up to pH 5.4 

(Chung and Goepfert, 1970) if acetic acid is used as acidulant. Secondly, the relative low aw 

of mayonnaise and dressings which is slightly above the minimum aw for growth of 

Salmonella (0.94) (Troller, 1973; ICMSF, 1996d; Koutsoumanis et al., 2004b). Thirdly, the 

different organic acids present in mayonnaise. Ostling and Lindgren (1993) determined the 

MIC of different organic acids for Salmonella by evaluating growth or no growth during 

5 days incubation at 30°C. The MIC-values for undissociated lactic and undissociated acetic 

acid were on average 0.063% (w/v) and 0.054% (w/v), respectively, for pH-values ranging 

from pH 4.2 to 5.4. It was also demonstrated that the MIC-value for undissociated acid will be 

higher at higher pH-values.  

To resist the acid pH in acidified products two acid tolerance mechanisms are operational in 

Salmonella. The first one which functions down to a pH of approximately 4.0 relies on the 

physiologically controlled homeostasis mechanism (maintaining pHin) that includes Na+/H+-

and K+/H+-antiporters. The second one is referred to as the acid tolerance response (ATR). 

This response will protect cells below pH 4.0 and requires protein synthesis (Foster and Hall, 

1991; Foster and Spector, 1995). These acid tolerance responses will also protect the cell for 

subsequent exposure to even more severe acid stress (Leyer and Johnson, 1992). Important for 

mayonnaise is that a protective effect of NaCl (2.0% (w/v)) to acid stress can occur (Radford 

and Board, 1995). The type of acidulant is in that case also important; no protective effect of 

salt was seen towards citric, propionic or hydrochloric acid, while it was observed for acetic 

acid.  

Several studies were performed to evaluate the inactivation of Salmonella in different 

mayonnaises and salad dressings (Table 1.2) and some predictive models were developed. 

The model of Membre et al. (1997) predicts the time to achieve a 4 log reduction of 

Salmonella in reduced-calorie mayonnaise. As variables in this model, the concentration 
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glucose and citric acid were taken into account together with the pH and the incubation 

temperature. In this study it was also demonstrated that in all formulations tested a reduction 

in the Salmonella count occurred and that there is a strong interactive effect between 

preservative agents, on the one hand, and that higher temperatures increase the inactivation 

rate, on the other hand. 

 

Table 1.2: Overview of the published survival data of Salmonella in commercial 

mayonnaises and mayonnaise products 

Producta Inactivation 

(log CFU) 

T 

(°C) 

Time 

(days) 

pH Acidulant Reference 

D > 6 25 1-8 2.9-3.9 mixtureb Beuchat et al., 2006 

M 8 37 0.5 3.8 Acetic 

M 8 37 6.5 5.0 Acetic 

D 7-8 37 6 4.4 Acetic 

D 8-9 37 0.42 3.3 Acetic 

D > 7 37 0.33 3.2 Acetic 

Wethington and Fabian, 1950 

M 3 25 10 4.25 Acetic - 

citric 
Leuschner and Zamparini, 2002 

M 5 5 7-14 -c Acetic 

M 5 15 1-5 - Acetic 

M 5 25 1-5 - Acetic 

Corretti, 1963 

M 6 7 6 4.3 Acetic 

M 6 7 3 3.9 Acetic 

M 6 22 5 4.3 Acetic 

M 6 22 2 3.9 Acetic 

M < 5 29 1 3.9 Acetic 

M 7 31 1 3.9 Acetic 

D 6 7 2 3.7 Acetic 

D 6 7 2 3.2 Acetic 

D 6 22 8 4.25 Acetic 

D 6 22 4 3.7 Acetic 

D 6 22 2 3.4 Acetic 

D 7 10 2 3.2 Acetic 

D 7 31 1 3.2 Acetic 

Smittle, 1977 

M 4.5 20 1 4.2 - Lock and Board, 1994 
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Table 1.2: Overview of the published survival data of Salmonella in commercial 

mayonnaises and mayonnaise products CONTINUED 

Producta Inactivation 

(log CFU) 

T 

(°C) 

Time 

(days) 

pH Acidulant Reference 

S 6 26.6 1 3.3 Acetic 

S 8 26.6 3 3.9 Acetic 

M 6 26.6 1 3.9 Acetic 

M 8 26.6 3 3.9 Acetic 

RCM 6 26.6 1 3.9 Acetic 

RCM 8 26.6 3 3.9 Acetic 

Erickson and Jenkins, 1991 

RCM-CF 5 23.9 1 3.9 Acetic 

RCM > 6 23.9 2 3.9 Acetic 

RCM > 6 23.9 7 4.1 Acetic 

RCM > 6 23.9 14 4.3 Acetic 

Glass and Doyle, 1991 

M 0d 4.4 5 8 Citrice 

M 6 4.4 25 2 Acetic 

M 6 4.4 5 8 Acetic 

Roller and Covill, 2000 

M 1 4 5 4.5 Acetic 

M 5 4 2 3.6 Acetic 

M 1 4 5 4 Citrice 

M 1 4 5 3.6 Citrice 

M 5 24 3 4 Acetic 

M 6 24 0.33 3.6 Acetic 

M 0 24 5 3.6 Citrice 

M 6 35 5 4.5 Acetic 

M 6 35 0.06 3.6 Acetic 

M 5 35 3 3.6 Citrice 

Perales and Garcia, 1990 

M 3 20 1 4.3 Acetic 

M > 4 20 3 4.3 Acetic 
Radford et al., 1991 

M 3 37 0.02 4.6 Citric Medina et al., 2007 
a M: mayonnaise; RCM: reduced-calorie mayonnaise; S: spread; RCM-CF: reduced-calorie- 

cholesterol free mayonnaise; D: dressing 
b Mixture of citric, malic, acetic, lactic and phosphoric acid 
c -: Not specified 
d No change in viable count 
e Added as lemon juice 
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As it can be determined from the data presented in Table 1.2, (i) death rate of Salmonella is 

slower at refrigerated conditions than at ambient temperature, (ii) inactivation is faster if 

acetic acid is used as acidulant compared to citric acid, and (iii) shorter survival times are 

observed at pH-values lower than 4, independent of the acidulant used. Comparison of the 

inactivation rates published in different studies is, however, difficult as commercial salads are 

mostly used which implies that the composition is not always completely analysed. Next to 

the variables mentioned in the table, differences in inactivation rate can also be attributed to 

differences in water activity, nutrients, and chemical preservatives used in the production of 

commercial salads. Radford et al. (1991), for example, demonstrated that also the type of oil 

used to prepare the mayonnaise may have an influence on the survival of Salmonella. Less 

inactivation was found in sunflower oil < blended olive oil < Greek extra virgin olive oil < 

Italian extra virgin olive oil. The same trends were observed by Medina et al. (2007) for 

sunflower, olive and virgin olive oil, on Salmonella as well as on L. monocytogenes. Higher 

inactivation in virgin olive oil is probably due to the higher levels of phenolic compounds 

present is this oil (ICMSF, 2005). 

Staphylococcus aureus  

Staphylococci are resistant to relatively high concentrations of NaCl (9% to 12%), which may 

be a competitive advantage in mayonnaise and sauces compared with other pathogens present 

(Smittle, 1977). Their susceptibility to low pHs, however, will prevent their growth in 

acidified products. The minimum pH for growth is approximately 4.0 if the product is 

acidified with a strong acid, while pH 5.0 will already inhibit growth if acetic acid is used as 

acidulant (Levine and Fellers, 1939). In general, it can be stated that S. aureus is inactivated 

in mayonnaises with a pH lower than 4.1, acidified with acetic acid (Smittle, 1977). Note that 

as for other pathogens, acid adapted S. aureus cells which were first exposed to mild acid 

conditions will have higher resistance to normally lethal acid stress (Chan et al., 1998; 

Erdogrul et al., 2006; Bore et al., 2007). S. aureus showed different acid-defence mechanisms 

after exposure to acid: (i) an increased urease activity, (ii) increased proton excretion, and  

(iii) macromolecule-repair mechanisms. The acid shock does, however, not initiate a 

virulence response and has no influence on the induction of toxin production (Bore et al., 

2007). 

As S. aureus is a food intoxicant, producing staphylococcal enterotoxins (SE), not only the 

growth limits are important but also the limits for toxin production. Toxin production 
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decreases at acidic pH and SE production is completely inhibited below pH 5.0. Moreover, it 

has been demonstrated that acetic acid has greater inhibitory effect on toxin production than 

other organic acids and that higher concentrations of NaCl will increase the effect of acidic 

pH (Le Loir et al., 2003). According to Troller (1973) the lower limit for enterotoxin 

production in the presence of 10% NaCl will increase until pH 5.45. Gomezlucia et al. (1990) 

found that toxin produced by S. aureus (SEA) was only found in mayonnaises with pH higher 

than 5.1, incubated at 37°C. In this case 45 ng/100g was produced which is still below the 

lowest concentration that is toxic (0.05 ng/ml of SEA), as reported in Asao et al. (2003).  

Only few studies were performed on the survival of S. aureus (Table 1.3). As for other 

pathogens inactivation is faster at a pH below 4.0 and at higher temperatures. Again 

comparison between the three studies is difficult as commercial products were used of which 

the complete composition is not known. 

 

Table 1.3: Overview of the published survival data of S. aureus in commercial 

mayonnaises and mayonnaise products 

Producta Inactivation 

(log CFU) 

T 

(°C) 

Time 

(days) 

pH Acidulant Reference 

M > 8 37 7 5.0 Acetic 

M > 8 37 3.75 4.0 Acetic 

M > 8 37 4.5 3.8 Acetic 

D > 7 37 7.5 4.4 Acetic 

D > 8 37 2.25 3.3 Acetic 

D > 8 37 1.5 3.2 Acetic 

Wethington and Fabian, 1950 

M > 7 22 1 3.43 Acetic 

M 7 10 7.75 3.9 Acetic 

M 7 31 1 3.9 Acetic 

D > 7 22 0.25 3.44 Acetic 

D 7 10 1 3.2 Acetic 

D 7 31 0.25 3.2 Acetic 

Smittle, 1977 

M > 4.7  25 2 3.57 -b 

M > 4 4 2 3.57 - Erdogrul et al., 2006 

a D: Dressing; M: Mayonnaise 
b - : Not specified 
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Escherichia coli O157:H7  

For the group of pathogenic E. coli only the E. coli O157:H7 will be discussed, as this species 

is known as the most acid tolerant one of E. coli (Law, 2000), and by consequence, the most 

important one for acidified sauces. The major potential contamination sources of E. coli in 

mayonnaises and mayonnaise based sauces are eggs and the environmental areas. The use of 

pasteurised eggs in commercial production of acidic sauces, however, leads to a decline in 

possible contamination with pathogenic Enterobacteriaceae. E. coli O157:H7 has a low 

infective dose (Doyle, 1991), possible as low as 10 CFU (Willshaw et al., 1994) and causes 

hemorrhagic colitis which may lead to the HUS syndrome (haemolytic uraemic syndrome). A 

variety of acidic foods have been implicated in outbreaks, including mayonnaises (Weagant et 

al., 1994; Erickson et al., 1995; Rhee et al., 2003).  

Mayonnaise and mayonnaise-like products do normally not support the growth of E. coli as 

this pathogen is unable to grow at pH lower than 4.4 and an aw below 0.95 (ICMSF, 1996b). 

Survival of this pathogen, however, is possible under the adverse environmental conditions 

encountered in mayonnaise or mayonnaise-like products (Table 1.4).  

Although comparison between different studies is difficult, it can be concluded that the 

survival of this pathogen is limited in real mayonnaise and in reduced-calorie mayonnaise 

dressings. The inactivation rate is also for this pathogen faster at higher temperatures  

(20-30°C) and extended survival was observed at refrigerated temperatures (Weagant et al., 

1994; Zhao and Doyle, 1994; Hathcox et al., 1995). It should be noted that significant 

reductions in population (≥ 1.3 log CFU/ml) already occurred within 30 minutes for different 

type of dressings incubated at 25°C (Beuchat et al., 2006).  

Important for acidified sauces at which sugar is added to compensate for the acid taste (e.g., 

ketchup) is that protective effects of sugar and NaCl appear on the survival of E. coli O157 

under acidic conditions (Jordan and Davies, 2001; Casey and Condon, 2002; Chapman et al., 

2006). Casey and Condon (2002) postulated two mechanisms responsible for this protective 

effect: (i) coupling of Na+-import and H+-export which permit the microorganism to maintain 

longer the internal pH and (ii) lower aw of the medium which induces water loss from the 

cytoplasm leading to a decrease in cell volume that may concentrate the cytoplasmic 

constituents and thereby raise the internal pH. This latter can also explain the protective effect 
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of sugars in acidic environment. Other acid tolerance systems are also described in E. coli of 

which some are pH- and growth phase dependent. In the logartithmic phase the acid survival 

system is referred to as acid habituation, while the acid tolerance of E. coli in the stationary 

phase was not dependent upon adaptation. For an extensive review on these different systems 

to resist acid stress reference is made to Chung et al. (2006). 

 

Table 1.4: Overview of the published survival data of E. coli O157:H7 in commercial 

mayonnaises and mayonnaise products 

Producta Inactivation 

(log CFU) 

T (°C) Time 

(days) 

pH Acidulant Reference 

M 7 25 3 < 3.6 Acetic Erickson et al., 1995 

M > 6 25 3 3.65 -b 

M > 6 7 35 3.65 - 
Weagant et al., 1994 

M 4 20 21 3.9 - 

RCM 4 20 13 3.8 - 

M 4 5 55 3.9 - 

RCM 4 5 41 3.8 - 

Zhao and Doyle, 1994 

M 1.5 20 3 3.86-3.97 Acetic 

M 3 30 3 3.86-3.97 Acetic 

M > 6 5 93 3.86-3.97 Acetic 

Hathcox et al., 1995 

M 9 25 3 3.77 Acetic 

M 6.7 20 3 3.88 Acetic 

M 9.3 30 3 3.88 Acetic 

McKellar et al., 2002 

D > 6 4 17 4.51 - 

M > 6 22 4 3.91 - 
Raghubeer et al., 1995 

D > 3.5 25 3 2.9-3.9 Mixturec 

D > 5.9 25 6 2.9-3.9 Mixture 
Beuchat et al., 2006 

a M: commercial mayonnaise, D: dressing, RCM: reduced-calorie mayonnaise 
b Not specified (commercial mayonnaise) 
c Mixture of citric, malic, acetic, lactic, and phosphoric acid 

 

 

Few growth/no growth models have been developed for E. coli in mayonnaise and 

mayonnaise-like products. The best-known model is the ‘safety code’ published by 

CIMSCEE (1991) (See Section 1.1.2.6). More recently developed models are the ones of 

Chapman et al. (2006) and McKellar et al. (2002) which are both compared with the 
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CIMSCEE code. This demonstrated that in approximately one-third of the conditions at which 

the CIMSCEE code predicted safe products (3 log reduction in less than 72h at ambient 

temperature), the model of Chapman et al. (2006) predicted unsafe (times to achieve 3 log 

reduction exceeded 72h). Chapman et al. (2006) concluded that the better survival was in 

most cases attributed to the higher concentration of NaCl and sugar, which did not always 

increase the inactivation of E. coli. The CIMSCEE safety code was, by consequence, valid for 

acetic acid containing sauces if (i) pH is high (unsafe formulations), (ii) molal concentration 

of undissociated acetic acid and soluble compounds (NaCl and sucrose) is low (unsafe 

formulations), and (iii) molal concentration of undissociated acetic acid and soluble 

compound is high, except for those with high pH (safe formulations). Under conditions of 

intermediate molal concentrations of undissociated and soluble compounds, however, the 

CIMSCEE code is unable to predict product safety. Another explanation for the differences 

between the two models may be that in the study of Chapman et al. (2006) the cells were acid 

conditioned during the preparation of the inoculum, while this was not the case for the 

development of the CIMSCEE code (Tuynenburg Muys, 1971). The death/survival 

probabilistic models for E. coli in mayonnaise developed by McKellar et al. (2002) described 

the influence of temperature, pH, salt, sucrose, and undissociated acetic acid. This model was 

able to predict the experimental results with 97.4% accuracy, while the CIMSCEE model was 

slightly less accurate (87.2%), even though this latter model does not take into account the 

temperature. Therefore, McKellar et al. (2002) concluded that temperature effects are 

responsible for most of the failures predicted by the CIMSCEE model. It has been shown that 

temperature has the dominating effect on the inactivation rate of vegetative bacteria when 

they are prevented from growth by other, non-thermal, environmental factors such as pH and 

aw (Ross et al., 2007). 

From the different studies performed with E. coli in acidified media, it can be concluded that 

intact packages of commercial mayonnaise and mayonnaise dressings pose negligible E. coli 

O157:H7 contamination and health hazard risks (Erickson et al., 1995). Besides, commercial 

mayonnaise contains a certain amount of chemical preservatives (such as sorbic and benzoic 

acid) which exhibit also an antimicrobial effect on E. coli O157:H7. Uljas et al. (2001) 

demonstrated a greater effect of benzoate on the inactivation than sorbate. 
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Listeria monocytogenes 

Contamination with L. monocytogenes may originate from contaminated raw eggs or egg yolk 

(Leasor and Foegeding, 1989) or from the process environment. The infective dose of 

L. monocytogenes is probably quite low and will depend on (i) the environmental conditions 

of the food matrix, (ii) the virulence of the pathogen, and (iii) the immune status of the 

individuals who are infected. Therefore, it is unlikely that there exists one single infective 

dose (McLauchlin et al., 2004). In non-pregnant humans listeriosis presents as meningitis or 

septicaemia in immunocompromised or eldry, while during pregnancy, infection can spread to 

the foetus and may lead to stillbirth. Different transmission routes and infection mechanisms 

are thoroughly discussed in McLauchlin (1996), Rocourt and Cossart (1997), and McLauchlin 

et al. (2004). 

L. monocytogenes has the ability to survive and grow under relatively strict stress conditions. 

Growth can be observed at pH ≥ 4.4 and aw ≥ 0.92 (ICMSF, 1996c). A comparative study of 

three food pathogens demonstrated that L. monocytogenes was the most tolerant pathogen 

compared with Salmonella and E. coli O157:H7 (Beuchat et al., 2006) in mayonnaise and 

mayonnaise-like products. An overview of the different studies published concerning survival 

of L. monocytogenes in these products is summarised in Table 1.5. Like for the other 

pathogens, survival of L. monocytogenes was the highest at refrigerated temperatures. 

L. monocytogenes can resist lower pH-values due to a system to maintain the intracellular pH 

(pHin) within a narrow range 7.6-8 at extracellular pH-values of 5.0-8.0. If this system fails, 

pHin will drop and cells will lose their cell viability (Budde and Jakobsen, 2000). The 

tolerance of L. monocytogenes to acidic environments is, by consequence, associated with its 

ability to sustain a relatively large transmembrane ΔpH. The critical pH below which 

L. monocytogenes can not maintain its pHin will depend on the growth medium and 

particularly on the presence or absence of glucose. Besides, L. monocytogenes has also the 

ability to re-establish pH-homeostasis after a severe stress (Shabala et al., 2002). Other studies 

demonstrated that L. monocytogenes exhibit also an adaptive acid tolerance response (ATR), 

like other pathogens (E. coli, S. aureus and Salmonella). This response will protect the cells 

from normally lethal acid stress after exposure to mild acid stress (Kroll and Patchett, 1992; 

Gahan et al., 1996; Datta and Benjamin, 1997; Cotter et al., 2000). The physiological state of 

the cells will change, which will markedly alter their chances of surviving the hosts’ defence 

system (Buchanan et al., 2000). 
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Table 1.5: Overview of the published survival data of L. monocytogenes in commercial 

mayonnaises and mayonnaise products 

Producta Inactivation 
(log CFU) 

T  
(°C) 

Time  
(days) 

pH Acidulant Reference 

M 3 37 0.5 4.5 Citric Medina et al., 2007 
M 4 4 96 4 -b 

M 4 4 288 4.5 - 

M 8 4 240 4.5 - 
Hwang and Tamplin, 2005

D > 6 25 144 2.9-3.9 Mixturec 
Beuchat et al., 2006 

RCM 4 23.9 72 4 Acetic 

RCM > 6 23.9 240 4 Acetic 

RCM-CF > 6 23.9 336 4 Acetic 
Glass and Doyle, 1991 

M 8 26.6 72 3.6 Acetic 

RCM 8 26.6 192 3.9 Acetic 

RCM-CF 5 26.6 72 3.9 Acetic 
Erickson and Jenkins, 1991

a M: mayonnaise; D: Dressing; RCM: Reduced-calorie mayonnaise; Reduced-calorie-

cholesterol-free mayonnaise 
b -: Not specified 
c Mixture of citric, malic, acetic, lactic, and phosphoric acid 

Others 

Mayonnaise and mayonnaise-like products will also inhibit growth of other foodborne 

pathogens. Clostridium botulinum and Clostridium perfringens are anaerobic spore-forming 

pathogens which will be inhibited by the low pH and low aw of these products (Smittle, 1977). 

These microorganisms do not survive in mayonnaises with pH below 4.7 and water activities 

below 0.95 (Radford and Board, 1993). Likewise low pH is sufficient to eliminate growth of 

Bacillus cereus (ICMSF, 1996a). Vegetative cells of these microorganisms will be killed 

primarily by the acetic acid. Endospores will remain viable but if germination would occur the 

cells will not grow. A study of Brackett (1986) demonstrated that more than 8 log reduction of 

Yersinia enterocolitica occurred in mayonnaise at pH 3.8 stored at 21°C within 48h, while 

only 6 log reduction occurred in the same mayonnaise stored at 5°C (type of acidulant not 

specified) in the same time period. One study showed also that mayonnaise and salad 

dressings are bactericidal to Streptococcus viridans and Shigella flexneri (Smittle, 1977).  
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1.1.3.2 Spoilage microorganisms 

Spoilage in mayonnaise and salad dressings results from a variety of causes including 

separation of the emulsion, oxidation and hydrolysis of the oils by chemical or biological 

action, and growth of microorganisms. This paragraph will, however, only focus on the 

spoilage caused by microbial growth, which will be predominantly caused by yeast, lactic 

acid bacteria, and mould. Typical microbial spoilage includes production of odours and off-

flavours (e.g., ethanol, ethyl acetate), development of clouds, and excessive gas production. 

Gas production is one of the most serious problems of spoilage. Most of the gas is CO2 

derived form alcoholic fermentation (Warth and Nickerson, 1991). 

Yeast 

Yeasts become often the dominant spoilage microorganisms in foods when competition from 

others, particularly bacteria and moulds, is restricted by low pH, presence of preservatives, 

high sugar and salt concentrations, such as in acidified sauces (James and Stratford, 2003). 

The genus Zygosaccharomyces is the most encountered spoilage yeast in products with 

relatively high acid concentrations. According to Thomas and Davenport (1985), Pichia 

membranefaciens can also resist quite high concentrations of acetic acid (up to approximately 

3%). Occasionally, Saccharomyces cerevisiae and Candida magnolia can be encountered in 

acidified products (ICMSF, 2005). As from the different Zygosaccharomyces species, Z. bailii 

is the most recovered from mayonnaise, sauces, and pickles (Couto et al., 1996; James and 

Stratford, 2003; ICMSF, 2005), this paragraph will mainly focus on this yeast. Species that 

are most related to Z. bailii are Z. bisporus and Z. lentus. These two species share many of the 

physiological characteristics with Z. bailii (James and Stratford, 2003). Besides, Z. lentus, 

identified by Steels et al. (1999), was found to have similar spoilage characteristics as those of 

Z. bailii. Z. rouxii, conversely, is more osmotolerant but less preservative resistant than 

Z. bailii and causes predominantly spoilage in food products with high sugar content (e.g. 

fruit juice concentrates, honey, jam) (James and Stratford, 2003). 

Characteristics that make Z. bailii so problematic are (i) its significant resistance to weak 

acids, (ii) its osmotolerance, (iii) its ability to cause product spoilage from a very low initial 

inoculum, and (iv) its ability to ferment glucose and fructose even in the presence of high 

concentrations of preservatives. Besides, the yeast can adapt to chemical preservatives such as 

sodium benzoate and potassium sorbate (Thomas and Davenport, 1985; Neves et al., 1994; 

Praphailong and Fleet, 1997), particularly if the yeast is exposed to low, sub-inhibitory levels 
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of sorbic acid (James and Stratford, 2003). The combination of these abilities makes Z. bailii 

a major concern to manufacturers of acid condiments of which the preservation is based on 

the acidic conditions, low water activity and chemical preservatives.  

Z. bailii is exceptionally resistant to weak acid preservatives such as acetic, benzoic, 

propionic, and sorbic acids. This resistance can vary considerably between the individual cells 

in populations. Some cells are able to grow in levels of preservatives double than that of the 

average population (Steels et al., 2000). This explains partly the contradictory results towards 

sorbic and benzoic acid resistance between several studies (Praphailong and Fleet, 1997; 

Steels et al., 1999; Martorell et al., 2007). Many studies are performed on the exceptional 

resistance of Z. bailii towards weak acids. A chronological overview of the most important 

findings is given in this section. First studies indicated that systems to resist the presence of 

weak acids are based on the prevention of entry or removal of acidic preservatives. This 

hypothesis was based on the observations that resistant yeast showed slower permeation for 

benzoic or propanoic acids (Warth, 1989c) and that Z. bailii has an active transport system for 

preservative anions which conferred resistance by extrusion of preservatives (Warth, 1977; 

Warth, 1988; Warth, 1989a; Warth, 1989b). This view was, however, disputed by 

observations that the distribution of weak acids was exactly as predicted from the pH of media 

and cytoplasm (Cole and Keenan, 1987). Removal of sorbic acid and benzoic acid by 

metabolic activity was also suggested (Warth, 1977; Steels et al., 2000). These authors 

doubted, however, whether the metabolism of weak acids is so beneficial that it can account 

for the resistance of Z. bailii to these preservatives. Later, it was demonstrated that Z. bailii is 

able to metabolise acetic acid (Sousa et al., 1998), on the one hand, and sorbate and benzoate 

(Mollapour and Piper, 2001), on the other hand, but these latter only at pH 5.5 or above. The 

resistance towards acetic acid can partly be attributed to the ability of Z. bailii to metabolize 

acetate in the presence of glucose even at low pH-values (e.g. pH 3.5) (Sousa et al., 1996; 

Sousa et al., 1998; Fernandes et al., 1999). Under these conditions, the membrane transport 

flux, mediated by a transport system specific for acetic acid, which is not able to recognise 

other acids such as lactic, sorbic or benzoic acid, on the one hand, and the intracellular 

metabolic flux of the acid, on the other hand, seem to be regulated in such a way that the 

intracellular free acetic acid is maintained at levels below which negative effects may occur. 

The acetic acid carrier is probably present in cells during the first growth phase in the mixed 

medium but its activity is affected by the presence of acetic acid in the medium. Sousa et al. 

(1998) postulated that the intracellular concentration of acid can play a role in the observed 
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loss of the acetic acid transporters capacity. Beales (2004) stated that the resistance of Z. bailii 

to weak acids is due to systems developed by the yeast to counteract the effect of the acids 

and to maintain their pHin homeostasis. These systems are dependent on the plasma 

membrane H+-ATPase, of which the activity results in extruding protons and, by 

consequence, retaining the favourable internal conditions in the cell. Therefore, the effect of 

weak acid preservatives will also be dependent on the permeability of cytoplasmic membrane. 

Changes in the fatty acid profile of the plasma membrane may alter the membrane 

permeability and fluidity, which may in turn contribute to acid tolerance (Beales, 2004). 

The presence of weak acids had also different effects on Z. bailii. Sorbic acid, for example, 

leads to (i) decrease in protoplast volume, cell size, and alterations in cellular morphology 

(Cole and Keenan, 1987), (ii) inhibition of the amino acids uptake, and (iii) alteration in the 

function of sulfhydral enzymes. Benzoic acid uncouples the electron transport system and 

destroys the proton motor force by increasing the internal proton level of the microorganisms. 

There is, however, no consistency about which preservative of those two is the most 

inhibiting, some authors found sodium benzoate as more lethal than potassium sorbate 

(Beuchat, 1981), others found sorbic acid inhibitorier than benzoic acid (Praphailong and 

Fleet, 1997). Combination of both preservatives is demonstrated to be a better inhibitor 

(Battey et al., 2002). 

Next to the resistance towards weak organic acid, knowledge about the carbon-source 

metabolism of Z. bailii is very important to ensure the stability of acidified sauces. As sugar is 

often added to these sauces to reduce the acid taste (e.g., ketchup), it is important to take into 

account that Z. bailii and Zygosaccharomyces species in general metabolize fructose in 

preference to glucose, unlike other yeast (a phenomenon referred to as fructophilly) 

(Emmerich and Radler, 1983). Fructose is transported by a specific, high capacity system, 

while glucose is transported by a lower capacity system that also accepts and is partially 

inactivated by fructose. In any case both sugars are consumed simultaneously but at different 

rates (SousaDias et al., 1996; Merico et al., 2003). Moreover, the metabolism on fructose is 

not affected by oxygen concentration while in the case of glucose, the absence of oxygen 

result in a decrease in the glucose yield and an increase in the ethanol yield. 

Few studies were performed with Z. bailii in mayonnaise or mayonnaise-like products. Wind 

and Restaino (1995) demonstrated growth of Z. bailii in mayonnaise (pH 3.7 and 0.5% acetic 

acid) incubated at ambient temperatures during 22 days. Addition of sodium benzoate and 
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potassium sorbate to maximum 3000 ppm (in total) resulted in a significant reduction of the 

growth rate but not to a complete inhibition of the yeast. Roller and Covill (2000) used 

mayonnaise (pH 4.4-4.5) acidified with lemon juice or acetic acid. Incubation at 25°C showed 

fast growth of Z. bailii in both mayonnaises while at 5°C only growth occurred in the 

mayonnaise acidified with lemon juice during the period of analysis (eight days). Oh et al. 

(2001), however, demonstrated inactivation of Z. bailii in mayonnaise (pH not specified) 

incubated at 25°C during four weeks. Jenkins et al. (2000) developed a model to define the 

time to growth of Z. bailii in acidified products. These authors found out that growth was 

inhibited at 2.65% undissociated acetic acid or at > 2.36 M salt and sugar combined. 

Increasing amounts salt and sugar allowed decreasing the concentration of acetic acid, and 

vice versa, in order to have the same amount of growth inhibition.  

Lactic acid bacteria 

First report concerning spoilage of salad dressings by lactobacilli was published in 1934 (cited 

in Kurtzman et al. (1971)). The species causing this spoilage was considered new and 

described as Lactobacillus fructivorans. Kurtzman et al. (1971) investigated seventeen 

samples of mayonnaises or mayonnaise-like products and concluded that eleven of the spoiled 

samples contained yeasts, four had bacteria, and two had both bacteria and yeast. Most of the 

lactic acid bacteria found were L. fructivorans, but in one of the spoiled sample Lactobacillus 

plantarum was encountered. A study on tomato ketchup indicated also L. fructivorans as the 

most important spoilage lactic acid bacterium in these products. Lactobacillus brevis isolated 

from dressings and salads, is also able to cause spoilage in acidified sauces (Debevere, 1987). 

Leuschner and Hammes (1999) characterised two Lactobacillus buchneri strains which were 

able to grow in mayonnaise while Lactobacillus delbrueckii and Lactobacillus curvatus stains 

were inactivated.  

As growth of lactic acid bacteria is not the major spoilage of acidified sauces, only a few 

studies on the behaviour of lactic acid bacteria in mayonnaise-like products are conducted. 

L. fructivorans inoculated in a mayonnaise (pH 4.4-4.5) showed growth at 5°C and 25°C 

within eight days if lemon juice was used as acidulant. If acetic acid was used, inactivation 

occurred at 25°C while no differences in viable counts were observed at 5°C (Roller and 

Covill, 2000). Oh et al. (2001) demonstrated also inactivation of L. fructivorans in 

mayonnaise incubated at 25°C during four weeks. The pH of the mayonnaise was, however, 

not specified. 
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As L. fructivorans will only slowly ferment sucrose, it is advised to add sucrose as sweetener 

rather than more readily fermentable syrups or other glucose containing sweeteners. 

Kurtzman et al. (1971) demonstrated that samples containing more glucose showed more 

spoilage than samples containing sucrose even if the samples have the same pH. Research on 

the acid resistance of L. brevis revealed that this species is more susceptible towards lactic 

and acetic acid than to citric acid in media at pH 4.5. Tests with laboratory media showed that 

if media are buffered with acetic acid even a more inhibitory effect was obtained compared 

with unbuffered media (Debevere, 1987). Addition of these buffering systems to mayonnaise 

will, by consequence, also increase the growth inhibition of spoilage microorganisms. 

As biogenic amines (amines derived by enzymatic decarboxylation of the natural amino acid) 

can be produced by some lactic acid bacteria, a study in mayonnaise was performed 

(Leuschner and Hammes, 1999). No formation of biogenic amines, however, occurred 

because (i) most lactic acid bacteria are inactivated in the mayonnaise and salad dressings, 

and (ii) the precursor amino acids are not present in these products. 

Moulds 

Mayonnaise and salad dressings which contain acetic acid are rarely spoiled by moulds 

(Smittle and Flowers, 1982; Hocking, 1994; ICMSF, 2005) as the majority of moulds have a 

limited tolerance to acetic acid. In general, moulds can not grow in the presence of 0.5% 

acetic acid. Besides, the limited amount of oxygen present in closed recipients filled with 

mayonnaise and sauces will limit the growth of mould (ICMSF, 2005). Tuynenburg Muys 

(1971) found M. acetoabutans as one of the most acid tolerant moulds, which could grow in 

the presence of 8%-9% acetic acid. As this mould can be readily eliminated from sauces by 

satisfactory hygiene and pasteurisation, contamination by M. acetoabutans is rare (CIMSCEE, 

1992). Other moulds recovered in sauces are Geotrichium spp., Monascus rubber, and 

Penicillium glaucoma (ICMSF, 2005). 

1.1.4 Relevant microorganisms in mayonnaise-based salads 

Mayonnaise-based salads form a group of heterogeneous food products (see Section 1.1.1.5). 

As the characteristics (e.g., pH, aw) of these products can differ a lot from geographical region 

to region, comparison between studies is complicated. In Belgium, for example, the average 

pH of mayonnaise-based salads (5.0-5.3) is slightly higher than the commercially available 

salads in the USA (≤ 5.0). As it was demonstrated by several studies that the safety and 
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stability of mayonnaise can be well controlled (see Section 1.1.3), spoilage and foodborne 

illness associated with mayonnaise-based salads occur when raw material or ingredients used 

contain spoilage-causing microorganisms, infectious pathogens or toxins. Salads with an 

elevated pH can support growth of foodborne pathogens and spoilage bacteria, particularly at 

higher temperatures. Erickson et al. (1993), however, stated that mayonnaise-based salads 

possess sufficient antimicrobial properties and perishability indicators to minimize the risks, 

as long as the salads are prepared and handled hygienically, and are stored at refrigerated 

temperatures. As with any food, consumers and food-service workers must use stringent 

hygienic practices to prevent microbial pathogen contamination during preparation, handling, 

and storage (Erickson et al., 1995). This section will discuss different studies published on the 

growth of pathogens and spoilage bacteria in mayonnaise-based salads. 

1.1.4.1 Pathogenic microorgansms 

As pathogenic microorganisms are often mesophilic (no growth possible at appropriate 

refrigerated conditions), mayonnaise-based salads can be considered as relatively safe 

products if proper refrigeration is applied. L. monocytogenes is, however, an exception and 

can grow until -1.5°C (ICMSF, 1996c). Other important factors to minimize the risks in 

commercially prepared salads are the fast cooling of all ingredients before mixing and the 

addition of chemical preservatives (sorbic and benzoic acid). Besides, salads contain also 

natural competitive flora (e.g., lactic acid bacteria) which will inhibit pathogen growth 

through (i) pH-reduction, (ii) organic acid production, and (iii) formation of specific 

antimicrobial metabolites (see Section 1.1.4.2). Growth of competitive flora will also cause 

severe visual and sensory changes which deteriorate the product. Recent information about 

foodborne outbreaks, in the USA, associated with salads illustrates that the most frequently 

encountered pathogens are the non-psychotrophic Campylobacter jejuni, Clostridium 

perfringens, Salmonella spp., Staphylococcus aureus, and Escherichia coli, which indicates 

that the cold chain may not been respected (no data concerning this were available). The 

salads most involved in these outbreaks are potato salads and chicken salads (CDC, 2007). 

The large proportion of neutral potato in the former salad and the lower amount of acetic acid 

may increase the risk on growth of the pathogens, particularly when stored at abuse 

temperature (ICMSF, 2005). It should be noted that most of these outbreaks were associated 

with ‘home-made style’ salads, prepared at the point of sale, implying that these salads did not 

contain additional chemical preservatives. Following paragraphs give an overview over the 

different studies performed with mayonnaise-based salads for different pathogens. It should 
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be noted that although mostly commercial mayonnaise was used as an ingredients, no 

additional chemical preservatives (such as benzoic and sorbic acid) were added. 

Salmonella 

Salmonella is characterised by a minimum growth temperature of 7°C for most serotypes 

under optimal environmental conditions (ICMSF, 1996d). Therefore, it can be assumed that 

growth at refrigerated conditions in salads (characterised by adverse environmental conditions 

such as low pH, presence of organic acid and preservatives) will be limited. This was also 

proved by Holtzapffel and Mossel (1968) who demonstrated inactivation of Salmonella in 

vegetable salads (pH 4.2 – 0.5% acetic acid) and in shrimp salad (pH 5.3 – 0.3% acetic acid). 

Erickson et al. (1993) reported that no growth of Salmonella was possible in chicken salad 

and macaroni salad, stored at 4°C. Rapid growth of Salmonella, however, was observed in 

chicken salad stored during 10 days at abuse temperature (12.8°C). The pH of this salad 

varied between 5.65 and 5.78 and contained low levels of acetic acid (± 0.02%). In macaroni 

salad characterised by a pH between 4.54 and 4.62 and an acetic acid concentration of 0.14%, 

no growth of Salmonella was observed even at abuse temperatures. 

As for mayonnaise, higher inactivation rates were obtained at room temperature (20°C) rather 

than at 9°C. No growth of Salmonella was also observed in chicken salads (pH 5.1) and ham 

salad (pH 5.3) (Smittle, 1977, reference therein). Doyle et al. (1982) demonstrated that growth 

of Salmonella can occur in chicken salad (pH 6.1) and ham salad (pH 5.2) when stored at 

elevated temperature (22°C or 32°C). No growth occurred in the same salads stored at 4°C, 

although survival was noticed. Another study demonstrated, however, that meat containing 

salads are potentially dangerous if Salmonella contaminated mayonnaise was used. It was 

found that Salmonella survived and grew in meat cubes were pH is not low enough to 

inactivate them (Smittle, 1977, reference therein). 

E. coli 

E. coli is unable to grow at temperatures below 7°C (ICMSF, 1996), and, by consequence, the 

risk of an outbreak related to E. coli will be small if the cold chain has been respected. E. coli 

inoculated in beef salads containing different concentrations of mayonnaise up to 40% 

showed initially a reduction in population. The magnitude of this decrease in directly 

proportional to the amount of mayonnaise added, indicating that the organic acids present in 

mayonnaise have a lethal effect on E. coli. Incubation of the salad, 24 h at 21°C and 30°C, 
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showed a fast increase in viable cells in beef salads containing ≤ 32% mayonnaise. The pH of 

these salads varied from 6.07 to 5.55, dependent on the amount of mayonnaise. In the salads 

with 40% mayonnaise (pH 5.04) no change in viable count was observed during 24 h. 

At 5°C, however, no increase in population density was observed regardless of the 

mayonnaise content of the salad. It should be noted that neither a lethal effect on 

E. coli O157:H7 was noted and that the period of analysis in this study (72 h) was too short to 

make general conclusions about E. coli in mayonnaise-based salad which have normally a 

much longer shelf-life (Abdulraouf et al., 1993). 

Staphylococcus aureus 

S. aureus has been associated with egg, tuna, chicken, potato, and macarone salads. Foods 

that require considerable handling during preparation are mostly involved in outbreaks. 

Particularly, if the cold chain of these products is not respected because growth of S. aureus is 

only possible at temperatures higher than 7°C (ICMSF, 1996e). Next to food handlers, 

equipment and environmental surfaces can be sources of contamination with S. aureus (FDA, 

2006a). A large outbreak related to chicken salad has been reported. 1364 children became ill 

after eaten lunch at school. The reasons for these outbreaks were the relatively slow cooling 

of the cooked chicken and the inadequate refrigeration of the salad from time of preparation to 

consumption (FDA, 2006a). 

In 1954, a study performed with chicken salad acidified with acetic acid (pH 5.5 – 5.7) 

retarded the growth of S. aureus. Although refrigerated storage was advised to prolong the 

storage period, salads could be held 12 h at 27°C without growth occurred. Another study 

with chicken salad (pH 5.2) and ham salad (pH 4.8) demonstrated inactivation of 

staphylococci. This inactivation was much faster at 37°C than at 4°C (Smittle, 1977 

references therein). Doyle et al. (1982) performed a study with S. aureus in chicken and ham 

salads (pH 6.1 and 5.2, respectively) and concluded that survival occurred at 4°C and growth 

was possible at 22°C and 32°C within 5 h. It should be noted that although these higher 

temperatures are not representative for the normal storage conditions of salads, they indicate 

the importance of respecting the cold chain for these products. 

Listeria monocytogenes 

L. monocytogenes is a psychrotrophic bacterium able to grow until -1.5°C and is probably the 

only pathogen of importance in mayonnaise-based salads, if no other pathogens are present at 
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high counts, on the one hand, and if the cold chain is respected during the shelf-life of the 

products, on the other hand. As L. monocytogenes is inactivated in mayonnaise (see Section 

1.1.3.1), contamination in mayonnaise-based salads is mostly originating from the taste 

carrier. Higher incidence can be found in meat, chicken, fish, and shrimp compared with 

vegetable salads. This is partly due to the lower pH of the vegetables but is also related to the 

contamination of the raw material (Uyttendaele et al., 1999). Besides, vegetable tissues such 

as carrot or cabbage can absorb the acetic acid from the mayonnaise (Radford and Board, 

1993). Incidence reports indicate a high natural occurrence of L. monocytogenes in e.g., fresh 

blue crab meat (Rawles et al., 1995) and seafood (Hartemink and Georgsson, 1991). 

Several reports are published on the contamination of mayonnaise-based salads. Gombas et al. 

(2003) reported 2.36% positive samples of deli-salad, with a limited higher percentage (4.7%) 

of seafood salads. Other studies showed a higher percentage of 9.9% of positive samples 

(FDA/USDA/CDC, 2001). On the Belgian retail market an overall incidence of 21.3% in 

mayonnaise-based salads occurred, with the highest incidence in chicken, fish, and shrimp 

salads (Uyttendaele et al., 1999). Despite this higher incidence, no outbreaks of 

L. monocytogenes related with these products are reported in the USA from 2000 to 2005 

(CDC, 2007). This is probably due to the low contamination levels (ranging from 0.04 to  

10 CFU/g) in the majority of the contaminated samples (Gombas et al., 2003). 

Early reports mention that L. monocytogenes growth is completely inhibited in prepared 

salads with pH lower than 5.0, e.g. a macaroni salad with pH 4.54 to 4.62 inhibited the growth 

at refrigerated as well as at abuse temperature (12.8°C) (George and Levett, 1990; Erickson et 

al., 1993). At higher pH-values, however, L. monocytogenes is able to grow in mayonnaise-

based salads even at refrigerated temperatures (< 12°C), e.g. a chicken salad with a pH 

between 5.65 and 5.78 supported the growth of L. monocytogenes at 4°C (Erickson et al., 

1993). Some studies performed tests in salads of which the pH of the mayonnaise was adapted 

to different values and found no differences in growth of L. monocytogenes in seafood, ham, 

and egg salads prepared with mayonnaises at different initial pHs. In pasta and potato salads, 

conversely, different pH of mayonnaise resulted in differences in growth (Hwang and 

Tamplin, 2005; Hwang, 2005; Hwang and Marmer, 2007). These findings can be explained 

by the buffer capacity of the added ingredients as this will diminish the influence of the pH 

differences of the mayonnaises. Therefore, these studies should be interpreted with due 

attention. The equilibrium pH of the different salads, if mentioned, was quite high (> 6.2) 

compared with commercial salads (< 5.4) (Hwang and Tamplin, 2005). If the pH of the salad 
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itself was adapted to values lower than or equal to 5.2, no growth of L. monocytogenes was 

observed in chicken salad stored at 5°C, 7.2°C, and 21°C during 17 weeks (Guentert et al., 

2005). At 21°C, inactivation occurred within 50 days in all salads with pH ≤ 5.2. All studies 

with L. monocytogenes indicated temperature and pH as the most important factors to inhibit 

growth. 

Next to temperature and pH the addition of bacteriocins in mayonnaise-based salads was also 

investigated. Schillinger et al. (2001) showed that Listeria is able to grow in mayonnaise-

based potato salad and in coleslaw with initial pH 5.8 – 6.0 at 10°C. Addition of nisin (a 

bacteriocin produced by lactic acid bacteria) resulted in an initial reduction of Listeria viable 

numbers. However, re-growth of L. monocytogenes was possible during storage. Addition of 

nisin in combination with the nisin-resistant protective culture (Lactococcus lactis) prevented 

the growth of Listeria cells which were not killed by the nisin. 

1.1.4.2 Spoilage microorganisms 

Spoilage of mayonnaise-based salads is predominantly caused by lactic acid bacteria, yeasts, 

and moulds. A study of Erickson et al. (1993) demonstrated that the spoilage population will 

be influenced by the salad type and storage temperature, but lactic acid bacteria are assumed 

to be the predominant spoilage organisms in prepared salads. Spoilage in the product is 

predominantly caused by production of off-flavours, gas formation or colonies visible as 

surface growth. This section will discuss the different species involved in spoilage by lactic 

acid bacteria, yeast, and moulds, respectively, together with their spoilage characteristics. The 

amount of studies performed on spoilage is, however, much lower than on pathogenic 

microorganisms. This is among others due to the fact that growth of spoilage microorganisms 

will only lead to economical loss and does not lead to health hazards.  

Lactic acid bacteria 

The primary source of lactic acid bacteria are the process environment and the vegetables, 

meat, etc. added to the mayonnaise. The most frequently encountered lactic acid bacteria in 

refrigerated salads are Lactobacillus plantarum, Lactobacillus confusus, Lactobacillus brevis 

and Leuconostoc mesenteroides (Erickson et al., 1993; ICMSF, 2005). Growth of lactic acid 

bacteria can lead to high counts but does not necessarily comprise spoilage (ICMSF, 2005). If 

spoilage by lactic acid bacteria occurs, this will lead to a pH decrease, increase in acetic and 

lactic acid concentrations, and physical/sensory decomposition changes (gas formation, off-
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odours). The specific spoilage organism in salads stored under refrigerated condtions is 

L. mesenteroides, a psychrotrophic and heterofermentative strain, which produces diacetyl. 

Therefore, these salads have often a strong buttery off-odour. This can, however, provide 

safety benefits as diacetyl shows inhibitory action to Gram negative bacteria which is even 

amplified at low pH-values (Jay, 1982a; Jay, 1982b). For example, a strong correlation 

between the increase of L. mesenteroides and decrease of Salmonella was observed under 

refrigerated conditions. This phenomenon disappears, however, in temperature abused salads 

(Erickson et al., 1993).  

Yeasts 

Different yeast species have been associated with mayonnaise-based salads (e.g., Candida 

inconspicua, Candida stellata, Candida zeylanades, Debaromyces hansenii, Issatchenkia 

orientalis, Pichia membranefaciens, Rhodotorula mucilaginosa, Saccharomyces cerevisiae, 

Saccharomyces exiguous, Trichosporon cutaneum, Z. bailii and Z. rouxii (Tornai-Lehoczki et 

al., 2003). Guerzoni et al. (2002) reported, however, that yeast population of commercial 

chilled products comprises only few types of yeast: Yarowia lipolitica, D. hansenii, and 

P. membranefaciens. Under moderate temperature abuse (10°C) Geotrichum spp. were found 

as important spoilage yeasts in mayonnaise-based salads (Brocklehurst and Lund, 1984). 

Although the big variety of yeast species isolated from mayonnaise-based salads, spoilage of 

yeasts in commercially prepared salads will be limited as (i) growth is significantly retarded at 

low temperatures (Betts et al., 1999; Betts et al., 2000) and (ii) chemical preservatives (sorbic 

and benzoic acids) are added to theses products (ICMSF, 2005). It has also been shown that a 

strong synergistic effect of pH and salt occurs, particularly under refrigerated conditions 

(8°C) (Betts et al., 1999; Betts et al., 2000). 

Moulds 

Spoilage by moulds is predominantly caused by airborne contaminants (Hathcox et al., 1995). 

Therefore, it is important to avoid mould growth in the process and packaging environment, 

on the one hand, and to keep the packages tightly closed, on the other hand. 

In general, mould growth is retarded at low temperatures, low pH, and in the presence of 

acetic acid. Delaquis et al. (1997) obtained more than 2 log reductions of yeast and moulds in 

a coleslaw (cabbage mixed with 25% mayonnaise) stored at 5°C. Despite the decline at the 

beginning of the incubation period, mould colonies eventually (after 22 days) appeared on the 
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surface of the coleslaw. According to the authors, this suggested that the acetic acid 

concentration was gradually diminished at the surface over time, possibly as a result of 

evaporation.  

1.2 PREDICTIVE MICROBIOLOGY 

1.2.1 Introduction 

Predictive microbiology, a distinct discipline in food microbiology, aims at describing 

microbial behaviour in mathematical equations. This behaviour can be growth, survival, 

inactivation, spore germination as well as toxin production. Generally, two classes of models 

can be distinguished: (i) empirical (or black box) models which are data driven (e.g. 

polynomial functions, artificial neural networks, etc.) and (ii) mechanistic (or white box) 

models which aim to relate the data with scientific principles. Intermediate forms, which are 

partly empiric and partly mechanistic, are called grey box models. 

Another way to classify microbial predictive models is based on the output of the models. 

Kinetic models, on the one hand, describe the change in population density as a function of 

time. Probabilistic models, on the other hand, describe the chance that a certain event (growth, 

toxine production, survival, etc.) will take place at a certain combination of environmental 

conditions. These two types of modelling approaches represent in fact the opposite ends of a 

spectrum of modelling requirements. Growth/no growth models can be seen as a logic 

continuation of the kinetic growth model. If environmental conditions are getting more 

stressful, growth rate is decreasing until zero and lag phase is increasing until eternity or at 

least longer than the period of experimental data generation. At these conditions, the boundary 

between growth and no growth has been reached and the modelling needs to shift from a 

kinetic model to a probabilistic model. Consequently, to provide a complete response of the 

behaviour of microorganisms a combination of both kinetic and probabilistic models is 

necessary (Le Marc et al., 2005). 

To develop predictive models, it is important (i) to select the appropriate strain or cocktail of 

strains, (ii) to perform an extensive and detailed data generation, (iii) to identify the 

appropriate model type, (iv) to estimate the model parameters, and (v) to validate profoundly 

the obtained model. Regarding the selection of the strains, different strategies are possible. 

Often the fastest growing strain is chosen because this one will dominate the growth (Pin and 

Baranyi, 1998). It is also advisable to choose a strain isolated from the food for which the 
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model will be developed. The argument to use more than one strain of a species is the 

assessment of the influence of strain variation. Besides, it is more representative for the food 

and it overcomes the fact that one strain is not necessarily the most resistant one in all the 

investigated growth conditions. To perform data generation, different techniques are possible: 

(i) the classical plating method, which is labour intensive and expensive but which is still the 

reference method, (ii) optical density measurements, (iii) flow cytometry, (iv) impedance 

measurements, and (v) microscopy, particularly for modelling at single cell level. 

In this section a very brief introduction to the kinetic models will be given while the 

probabilistic and growth/no growth models will be discussed more profoundly. 

1.2.2 Kinetic models 

Kinetic models can predict changes in population density as a function of time, even if a 

controlling variable, which can affect growth, is changing. The change in population density 

is often described by a sigmoid curve (log N as a function of time, with N the cell count) and 

is characterized by several parameters. From a typical growth (or inactivation) curve, a lag 

phase (shoulder), growth rate (or death rate), initial, and final cell count can be determined by 

various primary models, for a defined set of environmental conditions. A thoroughly 

discussion of the different primary models can be found in McKellar and Lu (2004).  

The above mentioned parameters will change as a function of changing environmental 

conditions and this can be described by secondary models. These models can be used to 

describe the effect of intrinsic (e.g., pH, aw), extrinsic factors (e.g., temperature, atmosphere), 

and implicit factors (e.g., bacteriocins) on the growth parameters. Several modelling 

approaches have been designed ranging from empirical to more mechanistic models. The 

most important groups are (i) the Arrhenius model, (ii) the square root model, (iii) the cardinal 

model, (iv) the polynomial model, and (v) the artificial neural networks (ANN). An overview 

of the different secondary models is summarized in a comprehensive way by Ross and 

Dalgaard (2004). 

1.2.3 Probabilistic models  

Concerning food safety, probabilistic models are often used to predict the chance that toxins 

will be produced or food pathogens will grow. As any growth of pathogens can cause harm to 

the consumer, it is often of more importance to know whether growth is possible or not than 



Chapter 1 Literature review  45 

to know the growth rate. This explains the recent increasing interest for this kind of models. 

Next to models related to food safety, there exist also several probabilistic models related to 

food spoilage.  

The output of a probabilistic model will be the chance that a certain event will take place in a 

certain given time. The period of time is an important criterion as at a certain combination of 

environmental conditions a replicate can evolve from ‘no growth’ to ‘growth’ if the period of 

analysis would be extended. In the case of probabilistic models, responses, under the defined 

experimental conditions and in a certain period of time, will be coded as either 0 (response not 

observed) or 1 (response observed). If repeated observations at one condition are made, a 

probability between 0 and 1 will be obtained. To relate the probability to the predictor 

variables, logistic regression is used. This statistical modelling technique is widely used when 

the outcome of interest is dichotomous. In general, the regression equation is defined as 

follows: 

 ( ) ( )factors extrinsic and intrinsic
1

lnlogit f
p

pp =⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
−

=  (Eq. 1.4) 

with p the chance that a certain event will take place, taking a value between 0 and 1. 

 

1.2.3.1 Growth/no growth interface models 

Growth/no growth (G/NG) models describe the transition between conditions which will still 

allow growth and conditions which will prevent growth. These models were first used to 

describe in a more quantitative way the multibarrier or combination technology which is also 

often called the Hurdle concept (Leistner, 1995). This concept is based on applying 

combinations of several stress factors which has the advantage that for each factor a milder 

stress can be used than in the case only one stress factor would be applied (see Section 

1.1.2.6).  

In the mid-90s an increasing interest in growth/no growth models within food microbiology 

could be observed. This was among others driven by the listeriosis problem (Parente et al., 

1998; Tienungoon et al., 2000). It was at that time suggested that a distinction should be made 

between foods that do support growth of Listeria and foods that do not. Nowadays, this 

distinction is also included in the EU-legislation (EU, 2005) concerning L. monocytogenes in 

ready to eat (RTE) foods not intended for infants and medical purposes. For foods allowing 
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growth absence in 25 g must be guaranteed at the moment that the product leaves the product 

unit or it must be proved that the limit of 100 CFU/g will not be exceeded during the shelf-

life. For foods inhibiting growth of L. monocytogenes, it must be proved that the limit of 

100 CFU/g will not be exceeded. Therefore, there exists great commercial interest in models 

that can predict the chance for growth within a particular food product or product groups, 

without performing a lot of challenge tests. For these latter tests, microorganisms are 

inoculated in the food product and growth is followed during the shelf-life by classical plating 

methods. These tests are, however, time consuming, labour intensive, and expensive. 

To define the growth/no growth boundary, different approaches have been suggested  

(i) deterministic models, (ii) an approach based on the concept of MCP (minimum convex 

polyhedron), (iii) logistic regression models, and (iv) artificial neural networks. An overview 

of the different published G/NG models is given in Table 1.6, together with the model type 

used. Another important characteristic in growth/no growth models is the number of replicates 

performed at each condition. If this number is low, like in most studies, the transition zone 

between growth and no growth will be more abrupt. Increasing the number of replicates 

together with small intervals between the environmental conditions will lead to a more 

smooth transition zone between growth and no growth. Obviously, the number of replicates 

will also be determined by what is practically feasible. 

Deterministic approach 

Models are considered to be deterministic if only one position for the boundary is predicted. 

The interface is defined as the loci where the chance of growth is equal to the chance of no 

growth (pgrowth = pno growth = 0.5) (Fig 1.3). Therefore, linear interpolations are performed 

between conditions allowing growth (p = 1) and conditions preventing growth (p = 0). The 

mid-values of these interpolations (p = 0.5) are afterwards described as a function of the 

environmental conditions. The linear interpolation is, however, only appropriate if abrupt 

changes in probabilities are observed for minor changes in environmental conditions (e.g., pH 

changes of < 0.5 units) (Masana and Baranyi, 2000). 

Another approach to characterize the G/NG interface is the combination of growth and death 

models. The G/NG interface is in this case defined by the combination of conditions where 

the growth rate and the death rate are equal to 0 (e.g. Jones et al., 1994; Battey et al., 2001). 

The deterministic approach is, by consequence, unable to describe a gradual decrease or 

increase in growth probability by changing environmental conditions (Fig 1.3). 
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Figure 1.3: Illustration of a growth/no growth model described by a deterministic 

approach. Fictitious data points: (○) represents no growth, (+) represents 

growth   

 

 

Minimum Convex Polyhedron approach 

The concept of MCP was first mentioned to describe a multifactorial space that encloses the 

interpolation region of a kinetic model (Baranyi et al., 1996). Afterwards, Le Marc et al. 

(2005) introduced different MCPs to describe the G/NG interface: a ‘no growth’ MCP, on the 

one hand, and a ‘growth’ MCP, on the other hand. Combining these two MCPs defines a 

region, called “uncertainty region” which contains the G/NG interface (Fig 1.4). The ‘growth’ 

MCP encompasses all data for which growth was observed. The ‘no growth’ area is defined 

based on microbiological knowledge. The ‘uncertainty’ area in between is the outside of the 

‘growth’ area where no growth was observed but where growth may occur. Further 

experiments should be performed than to refine the growth region within this uncertainty 

region (Le Marc et al., 2005). It is, however, impossible to perform sufficient measurements 

to completely define the MCPs. This explains the edges in the MCP, while a typical G/NG 

interface is rather a continuously curved surface (Ross and Dalgaard, 2004) and may in that 

sense be more realistic.  
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Figure 1.4: Illustration of a growth/no growth model described by a deterministic 

approach separating growth, uncertainty and no growth regions . Fictitious 

data points: (+) represents growth  

 

 

 

As these models are not able to incorporate probability, Gysemans et al. (2007a) constructed 

several MCPs labelled with certain probabilities that each enclose data with a minimum 

probability of growth. These models are still not able to describe the transition zone between 

growth and no growth as smooth as with logistic regression models. However, the more data 

available, the more MCPs with varying probability levels can be distinguished and the better 

the logistic regression model will be approached. The main advantage of these models is that 

the MCPs are directly linked to experimental observations and are not obtained from 

predictions of a fitted equation. 

Logistic regression 

Logistic regression models are mostly used to describe G/NG interfaces (Table 1.6). These 

models describe this interface as a smooth transition zone between growth and no growth 

(Fig. 1.5). Within the logistic regression models different types can be distinguished. The first 

model type (Type-I) relates logit(p), with p the probability of growth, to a polynomial 

expression of explanatory variables. A theoretical example, with X, Y and Z as explanatory 

variables and bi (i = 1,…9) the parameters to be estimated, is given in Equation 1.5. 



Chapter 1 Literature review  49 

ZYbZXbYXb
ZbYbXb

ZbYbXbb)(logit

987

2
6

2
5

2
4

3210

⋅⋅+⋅⋅+⋅⋅+
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⋅+⋅+⋅+=p
 (Eq. 1.5) 

These models are called ordinary logistic regression models and are until now the most 

preferred models to describe the effect of independent variables on the logit function (Ross 

and Dalgaard, 2004). Polynomial models are, in general, easy to fit and are able to incorporate 

any environmental factor and their interactions. The main drawback is that these models are 

susceptible to overfitting of the data (i.e., fit the experimental errors rather than the general 

trend), which may lead to microbial illogical results (e.g., higher predicted growth probability 

at more severe environmental conditions). To avoid this, constrained polynomials can be 

used. In this case, the flexibility of the polynomial and the incorporation of a priori microbial 

knowledge (e.g, growth probability must decrease at more severe environmental conditions) 

are combined during the parameter estimation (Geeraerd et al., 2004). An example of 

constrained polynomials in logistic regression models is, however, not published yet. 

 

 

 
Figure 1.5: Illustration of growth/no growth model described by a probabilistic 

approach. Fictitious data points: (○) represents no growth, (+) represents 

growth. Lines represent the logistic regression model predictions  

p = 0.9 (         ), p = 0.5 (         ), p = 0.1 (· · ·) 
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A second model type (Type-II) was introduced by (Ratkowsky and Ross, 1995). These 

authors used an ln-transformed square-root-type kinetic model as the basis of the function 

relating logit(p) to independent variables. This model has the advantage to incorporate 

biologically interpretable parameters, representing the growth limits. An example is given by 

Equation 1.6, with bi (i = 0,…,3) the linear parameters. Next to the linear-appearing 

parameters, the model also contains nonlinear-appearing parameters namely, Tmin the 

minimum growth temperature, pHmin the minimum pH for growth and aw,min the minimum aw 

for growth.  

( ) ( ) ( ) ( )min,3min2min10 lnblnblnbblogit ww aapHpHTTp −⋅+−⋅+−⋅+=  (Eq. 1.6) 

Unfortunately, these nonlinear-appearing parameters make the estimation process of the 

parameters difficult. Besides, stable solutions are not systematically obtained and 

convergence to an optimum is often not achieved (Ratkowsky, 2002). Fixing these values at 

levels derived from square-root-type kinetic models can facilitate the regression process 

(Presser et al., 1998; Lanciotti et al., 2001; Ratkowsky, 2002; Le Marc et al., 2005; Gysemans 

et al., 2007b). The major drawback of this procedure is the possibility that a suboptimal model 

will be obtained if the fixed values are erroneous. In general, estimating rather than fixing the 

nonlinear-appearing parameters improves also the performance of the model (Ratkowsky, 

2002). Therefore, some authors prefer to estimate all parameters by using nonlinear logistic 

regression (Tienungoon et al., 2000; Salter et al., 2000), which is, however, not readily 

available in statistic software packages. If a logistic regression model Type-II is used, pre-

processing of data is necessary. Conditions beyond and at the theoretical growth limits can 

not be used for parameter estimation because natural logarithms of negative or zero values are 

than encountered. Therefore, data can be discarded (Ratkowsky, 2002) or repositioned at  

X = Xmin + ε where X represents the environmental factor considered, Xmin the respective 

theoretical growth limit and ε a small number to reposition the data before the theoretical 

growth limit (Gysemans et al., 2007b). In general, no difference will be found because 

conditions which exceed the theoretical growth limit show ‘no growth’ and are repositioned 

near the theoretical growth limit (also ‘no growth’ region). The advantage of repositioning the 

data is that the model performance criteria (see Section 1.2.3.2) can be compared with those 

of a model fitted on the same data set which can include these data (e.g., logistic regression 

model type I) (Gysemans et al., 2007b). 
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Artificial neural networks 

Artifical neural networks (ANN) or derivates of this method are not that often used for 

modelling growth/no growth data. These empirical methods can extract the relationship 

between independent and dependent variables with accuracy and irrespective of the degree of 

non-linearity between variables. An ANN exists of an input layer, an output layer, and a 

certain amounts of hidden layers. Every layer has a certain amount of nodes by which the 

layers are connected to each other through connection links carrying weights. Through 

training, the optimal number of hidden nodes as well as the connection weights and thresholds 

are defined (Basheer and Hajmeer, 2000). The use of artificial neural networks (ANN) to 

describe the G/NG interface was published by Hajmeer and Basheer (2002) and called PNN 

(probabilistic neural networks). A PNN combines statistical theory with neural networks 

which results in a powerful method for classification where other statistical methods fail. A 

thoroughly discussion of PNNs and the underlying mathematics and statistical basis is 

presented in Hajmeer and Basheer (2002) and Hajmeer and Basheer (2003). Valero et al. 

(2007b) introduced another modelling technique based on Product Unit Neural Network 

models (PUNN). Data were modelled using logistic regression where the linear functions are 

made up of the input variables and transformations by training PUNN. PUNN are neural 

networks using product based functions instead of sigmoidal units in ANN (Hervas-Martinez 

et al., 2006). The advantages of PUNN are that product units can better detect interactions 

between factors and are easier to interpret than ANN. The product unit has also the ability to 

implement higher-order functions.  

ANNs or derivates of this method yield also growth/no growth interfaces, wherein the growth 

probability changes gradually as with logistic regression models. Valero et al. (2007a) 

compared a quadratic logistic regression model with PUNN on the same data set and 

concluded that the PUNN model fit the data better and produced greater classification 

accuracy without increasing the number of coefficients of the model. 

1.2.3.2 Evaluation of model performance 

Several methods are available to evaluate the performance of logistic regression methods, e.g. 

Receiver Operating Curve (ROC), also referred to as concordance index (c-value), the 

Hosmer-Lemeshow statistic, the maximum rescaled R2 statistic, Akaike’s Information 

Criterion (AIC), and Schwartz’ Criterion (SC). 
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The ROC is a measure for the predictive power of the model. It is obtained from a plot of 

sensitivity, i.e., the proportion of events that were correctly predicted, against the complement 

of the specificity, i.e., the proportion of non-events that were correctly predicted to be non-

events (Tienungoon et al., 2000; Agresti, 2002). The more the value approaches 1, the better 

the level of discrimination. The predictive power is perfect if the c-value is 1. In 

epidemiological studies, c-values (equal to the surface beneath the ROC-curve) higher than 

0.8, are considered as excellent. ROC-values for G/NG models are typically much higher 

(Agresti, 2002; Ross and Dalgaard, 2004). For more details on the ROC-curve and on the 

calculation of the c-value reference is made to the Appendix. 

The Hosmer-Lemeshow statistic involves the grouping of objects (in this case the number of 

times growth occurred) into approximately ten groups based on the model-predicted 

probability. After calculating a Pearson χ2-statistic, based on the observed and expected 

number of objects in the groups, this statistic is compared to a χ2-distribution with t degrees 

of freedom (t is the number of groups minus two) (Stokes et al., 1995). Small values of the 

index indicate a good fit of the model. This implicates that its corresponding P-value is high. 

If a lack of fit is observed, this statistic does not provide any insight about its nature. To 

determine the conditions were the model fails to fit the data, the Pearson residuals can be 

calculated in each data point (Eq. 1.7). These residuals compare the differences between 

observed counts and their predicted values, scaled by the observed counts’ standard deviation. 

In general, the Pearson residual (ei) for the ith data point (i.e. ith combination of environmental 

conditions) can be calculated as follows:  

( )iii

iii
i p1pn

pnr
e

−⋅⋅
⋅−

=  (Eq. 1.7) 

with ri the number of time growth appeared at the ith combination, ni the number of times the 

ith combination was tested and pi the estimated growth probability at the ith combination 

according to the model. Deviation of this Pearson residual from zero indicates a lack of fit 

(Agresti, 2002).  

The maximum rescaled R2 for use with binomial error was proposed by Nagelkerke (1991) as 

a generalization of the R2 that is commonly used in regression application involving normally 

distributed error. The closer the value is to 1, the greater success in predicting the dependent 

variable from the independent variables. 
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The AIC judges a model by how close its fitted values tend to be to the expected values. 

Although a simple model is often further from the true model than a complex model, the 

former may be preferred because of model parsimony, i.e., no more parameters than required 

to describe the general trends. A model with too many parameters fits often the error in the 

data, i.e., a model too specific to a particularly set of observations. Therefore, the AIC 

penalises the model for having many parameters. 

 AIC = -2 ln L + 2 k (Eq. 1.8) 

with L the likelihood at its optimum and k the number of parameters (Agresti, 2002). 

Another criterion which penalises the model for having many parameters is the SC. 

 SC = -2 ln L + k ln (n) (Eq. 1.9) 

with L the likelihood at its optimum, k the number of parameters and n the number of 

observations. For both criteria counts that smaller values correspond with better fits. No 

threshold values are established for these criteria. 
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Chapter 2 

Growth/no growth models describing the influence of pH, 

lactic and acetic acid on lactic acid bacteria developed to 

determine the stability of acidified sauces 

 

 

Summary 

Growth/no growth models were developed for two spoilage bacteria typical for acidified 

sauces, L. plantarum and L. fructivorans. Influencing factors embedded in the model are also 

those typically encountered in these acidified sauces. The pH varied between 3.0 and 5.0 

(5 levels), and the acetic and lactic acid concentration ranged from 0 to 3.0% (w/v) (6 levels). 

The aw was fixed at a level of 0.95 which is representative for acidified sauces with high sugar 

content. Modified MRS broth was inoculated at a high inoculation level (106 CFU/ml), 

incubated at 30°C and growth was assessed by optical density measurements. All 

combinations of environmental conditions were tested in twelvefold yielding precise values 

for the probability of growth. Data were modelled by means of ordinary logistic regression. A 

comparison was made between a model containing the total acid concentrations as 

explanatory variables, on the one hand, and a model differentiating between the dissociated 

and undissociated concentrations, on the other hand.  

Results showed that (i) L. plantarum and L. fructivorans behave differently, resulting in a 

clearly distinct growth/no growth interface, (ii) there was no great difference between the 

established models with different explanatory variables, (iii) in some cases, growth/no growth 

boundaries at very low probabilities (which are more practical in industry) show illogical 

behaviour. The results of this study were also compared with the CIMSCEE code (CIMSCEE, 

1992), which is often used by food producers to determine the stability of their acidified food 

products. 
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2.1 INTRODUCTION 

Dressings, sauces, marinades and similar food products depend among other factors on the 

presence of acids to prevent spoilage. These products are typically shelf stable, implying a 

shelf-life of several months at room temperature. This can be achieved by (i) a low pH, due to 

the presence of organic and inorganic acid, (ii) a low water activity, due to the higher sugar 

and salt concentrations and (iii) the presence of chemical preservatives, like sorbic and 

benzoic acid (Section 1.1.2). Due to changes in the consumer’s perception towards chemical 

preservatives, the food industry is nowadays forced to change their product formulations 

based on other preservation techniques. Moreover, the introduction of light products increases 

the water activity of products and as such makes the production of shelf stable products more 

challenging. It is very often not possible to add acetic acid in higher amounts because of its 

pungent odour and taste. Therefore, it can be useful to replace a certain amount of acetic acid 

by lactic acid, which has also an antimicrobial activity but has a less stringent acid taste. 

Besides, higher amounts of sugar are often added to sauces in order to mask the acid taste. 

Growth/no growth models of specific spoilage organisms, which express the influence of 

different environmental conditions on the possibility of growth, could be used to define 

product reformulations, maintaining shelf stable products. Until now, several growth/no 

growth models are known for food pathogens but fewer models are dealing with spoilage 

bacteria (Section 1.2.3.1). For lactic acid bacteria, for example, growth/no growth models for 

spoilage do not exist according to the authors’ knowledge. 

In this study the effect of pH (3.0 – 5.0, 5 levels), acetic acid (0 – 3.0% (w/v), 6 levels) and 

lactic acid (0 – 3.0% (w/v), 6 levels) on the probability of growth of two different spoilage 

lactic acid bacteria (L. plantarum and L. fructivorans) was investigated in order to develop a 

growth/no growth model. Both strains are typical microorganisms of concern for spoilage in 

acidified sauces (Section 1.1.3.2). Their major spoilage characteristics are gas production, 

acidity increase, and flavour changes. They are also referred to as acetic acid tolerant lactic 

acid bacteria (Nakano et al., 2004). 

Existing modelling techniques for growth/no growth models are diverse as summarized in 

Section 1.2.3.1. In this study, data are modelled by an ordinary logistic regression model that 

is able to describe gradual changes in growth probability. This model-type was chosen 

because of its fitting capacity (flexibility) and its ability to incorporate any environmental 
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factor and its interactions (Section 1.2.3.1). A comparison was made between a model based 

on pH, total acetic acid concentration and total lactic acid concentration, on the one hand, and 

a model equation incorporating pH, the undissiociated and dissociated form of lactic and 

acetic acid, on the other hand. 

Nowadays, food producers often use the CIMSCEE code (CIMSCEE, 1992) as a standard for 

the stability of their acidified sauces. This code is based on the research of Tuynenburg Muys 

(1971) about the microbiological safety, on the one hand, and on the ways to control spoilage, 

on the other hand (Section 1.1.2.6). The code is specific for microorganisms typically 

associated with acetic acid containing products, but overlooks the effect of lactic acid and 

other preservatives. The growth/no growth interfaces defined by the CIMSCEE code were 

compared with the results from the present study. 

2.2  MATERIALS AND METHODS 

A general overview on the different aspects used to develop the growth/no growth models is 

given in the Appendix. The following paragraphs highlight the more detailed and specific 

information on the models developed for lactic acid bacteria. 

2.2.1 Bacterial strains and culture conditions 

Two lactic acid bacteria were chosen, L. plantarum (LFMFP 023) isolated from green olives 

and L. fructivorans (LMG 9201, LFMFP 054). The strains were taken from a stock culture 

stored at -75°C, inoculated in de Mann-Rogosa-Sharpe (MRS) broth (Oxoid, Basingstokes, 

England) and incubated at 30°C for 24h. Afterwards a subculture was taken and inoculated in 

a modified MRS broth at pH 4.0 (acidified with HCl (5 N, VWR, Leuven, Belgium)). 

Modified MRS contains additionally 15% (w/v) sugar (1:1 ratio glucose (G-8270, Sigma, 

Steinheim, Germany) and fructose (F-0127, Sigma)) and 4% (w/v) NaCl (Vel 1723, VWR) to 

mimic sweet-and-sour sauces, causing a decrease in water activity (aw) to 0.950 ± 0.005. The 

pH was measured by a pH electrode (Knick, type 763, Berlin, Germany) and the aw by an  

aw-kryometer Typ AWK-20 (NAGY Messysteme GmbH, Gäufelden, Germany). 

To determine the ranges of intrinsic factors for the growth/no growth model, strains were 

characterized for their pH, acetic and lactic acid resistance in media based on this modified 

MRS broth. The effect of pH stress was tested in media without acetic (Vel 90010, VWR) and 

lactic acid (1055-05, Roland Chemicalien, Brussel, Belgium) at five different pH levels 
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between 2.75 to 4. The stress of each acid was evaluated at pH 5 in amounts ranging from 0 to 

5% (w/v) (8 levels). Media with different pHs were acidified with HCl (5 N, VWR) and 

media containing one of the organic acids was adapted to pH 5 by adding HCl (5 N, VWR) or 

NaOH (10 N, VWR). 

2.2.2 Data generation for growth/no growth modelling 

The growth/no growth interface was determined in 147 media which were made based on the 

modified MRS broth (see above). Medium conditions varied in pH (3.0 – 5.0, 5 levels), acetic 

acid (0.0 – 3.0% (w/v), 6 levels) and lactic acid (0.0 – 3.0% (w/v), 6 levels) concentrations. 

To prepare these media, a stock solution of the modified MRS broth (1.1 x the normal 

concentration of the modified MRS broth) and stock solutions (10 x concentration present in 

the final media) of the several acid combinations were made. Afterwards 9 units of modified 

MRS were mixed with one unit of one of the stock solutions and the pH was adapted to the 

specific pH by HCl (5 N, VWR) or NaOH (10 N, VWR). All media were filter-sterilized  

(∅ 0.2 µm, Nalge Nunc International, Rochester, USA). 

Before inoculation the cells from the subculture in modified MRS at pH 4.8 were washed in a 

physiological saline solution (8.5% NaCl). More information on this washing procedure and 

the subsequent dilutions can be found in the Appendix. From the washed and diluted cells, 

20 µl was inoculated in 180 µl of the same medium (12 replicates) in the 96-wells microtiter 

plate (Roll s.a.s, Plove di Sacco, Italy) (Appendix). In this way an inoculation level of 

5.10 ± 0.15 log CFU/ml was achieved. Both strains were inoculated in each medium in twelve 

replicates. Microtiter plates were incubated at 30°C during 30 days in a closed bag with a wet 

tissue to prevent dehydration of the wells. After 30 days the volume in the wells started to 

decrease and therefore the experiments were stopped. This period of 30 days was also used to 

establish other published growth/no growth models (Jenkins et al., 2000; Koutsoumanis et al., 

2004a). 

Growth was assessed by measuring the optical density (OD) of the content of the wells of the 

microtiter plates at a wavelength of 600 nm using a VERSAmaxTM microplate reader 

(Molecular devices, Sunnyvale, CA, USA) (Appendix). This was done daily during 30 days. 

Growth or no growth was determined in each of the replicates based on the OD 

measurements. The protocol to establish this is discussed in detail in the Appendix. 
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2.2.3 Development of growth/no growth models 

Before starting the modelling procedure, the data were examined for anomalous data points, 

implying a decrease (by more than 10%) in growth probability if the environmental conditions 

are less severe, or vice versa. The protocol to check this is explained in the Appendix. 

The data were described by an ordinary logistic regression model since this model type can 

adequately describe a growth/no growth transition zone (Section 1.2.3.1; Ross & Dalgaard, 

2004). The equation of the ordinary logistic regression model consists of a polynomial (right-

hand side) and logit(p) = ln(p/(1 – p)) (left-hand side) with p the probability that growth 

occurred (p takes values between 0 and 1). General information on the ordinary logistic 

regression model is given in the Appendix. 

The full ordinary logistic regression model for this case study is given by Equation (2.1) when 

the total acetic and lactic acid concentrations were taken into account and by Equation (2.2) 

when the dissociated and undissociated form of both acids were considered. 

LaAcbLapHbAcpHb
LabAcbpHb

LabAcbpHbb)(logit

987

2
6

2
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2
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3210

⋅⋅+⋅⋅+⋅⋅+
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⋅+⋅+⋅+=p
 (Eq. 2.1) 

with Ac, the total acetic acid percentage (% (w/v)); La, the total lactic acid percentage  

(% (w/v)), and bi (i = 1,…,9) the parameters to be estimated. 
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 (Eq. 2.2) 

with UAc and ULa, the undissociated acetic and lactic acid percentage (% (w/v)), 

respectively; DAc and DLa, the dissociated acetic and lactic acid percentage (% (w/v)), 

respectively, and bi (i = 1,…,20) the parameters to be estimated. The data were fit by both 

models in order to compare model performance and the differences in inhibitory activity 

between the total acid, on the one hand, and the dissociated and undissociated form, on the 

other hand.  
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The models were fit in SPSS 12 (SPSS, Inc., Chicago IL., USA) using linear logistic 

regression. The procedure which was used to estimate the parameters is thoroughly discussed 

in the Appendix. 

Model performance was evaluated by using different goodness-of-fit statistics (-2 ln L, AIC, 

SC and Hosmer-Lemeshow statistic) and predictive power measures (classification tables,  

c-value and ROC-curve) (Section 1.2.3.2). More detailed information on evaluating the model 

performance can be found in the Appendix. 

The predicted growth/no growth interfaces for p = 0.1, 0.5 and 0.9 for both models were 

plotted in Matlab®7.1 (The Mathworks, Inc., Natick, MA, USA). General information on the 

graphical representation and on the interpretation of the results is given in the Appendix. 

2.2.4 CIMSCEE code 

The model which is until now often used in food industry is the CIMSCEE code with 

following model equation 

 
=Σ 15.75 · UAc + 3.08 · NaCl + hexose + 0.5 · disacch.   (Eq. 2.3) 

with UAc, the undissociated acid (% (w/w)); NaCl, the salt concentration (% (w/w)); hexose: 

the concentration glucose and fructose (% (w/w)); and disacch, the concentration disaccharide 

(% (w/w)). All values are expressed on the water phase. If the Σ value exceeds 63, microbial 

spoilage should not occur, based on the growth limits of the most resistant microorganisms 

(other than M. acetoabutans) (Section 1.1.2.6). As the present study focuses on the growth 

probability of lactic acid bacteria, comparison should be made with the CIMSCEE code based 

on the growth limits of L. buchneri. For another microorganism, another equation will be 

obtained which corresponds with a change in the parameter linked with the variables (UAc, 

NaCl, hexose and disaccharide). Due to the constant concentration of salt (4%) and sugar 

(15%) the equation could be simplified and following equation was then obtained: 

 
=Σ 21.00 · UAc + 41.55 (Eq. 2.4) 
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2.3 RESULTS  

Characterisation of the strains showed pH resistance until pH 3.5 (after an incubation period 

of 15 days at 30°C). Besides, both lactic acid bacteria were more susceptible to acetic acid 

than to lactic acid, but both could still grow in media at pH 5 with 5% (w/v) of one of the 

acids present (the highest concentration tested). 

2.3.1 Development of growth/no growth models 

2.3.1.1 Models incorporating the total concentration of acids 

L. fructivorans 

After evaluation of the data, one anomalous data point was detected (namely, pH 4.5; 2% 

acetic acid and 2% lactic acid; with p = 16%) and omitted in further model development 

steps. The total data set contained, 1740 data points, as also one medium (pH 4.5, 1% acetic 

acid and 3% lactic acid) was left out due to contamination. When the total acid concentrations 

were taken into account, the following model equation was obtained:  

logit (p) =  – 47.5 + 13.9 · pH – 31.8 · Ac + 2.3 · La  (Eq. 2.5) 

+ 5.7 · Ac · pH – 1.8 · La · pH + 1.1 · Ac · La 

The parameter estimates with their standard deviations and the performance statistics of the 

model are given in Table 2.1.  

The Hosmer-Lemeshow statistic takes an intermediate value (and by consequence an 

intermediate P-value) which indicates a reasonable good model fit. Yet, it should be remarked 

that the Hosmer-Lemeshow statistic can be largely influenced by a single bad prediction, 

which makes it hard to compare this statistic with values from literature. Therefore, this 

statistic should be interpreted with due attention. The overall percentage that was predicted 

correctly came to 95.1% and the concordance index (c) was 0.996 ± 0.001 indicating a good 

model fit.  

Figure 2.1 (A-C) shows that the growth/no growth transition zone which was observed in the 

experimental data generation can be described well by the model. At pH 4.0 (Fig. 2.1C), the 

inhibitory effect of the total acetic acid concentration is greater than the effect of the total 

lactic acid concentration. However, at pH 4.5 this difference is less pronounced. 
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Table 2.1:  Parameter estimates with their standard errors and performance statistics for the 

models for total acids  

Variable1/ 

Performance statistic

L. fructivorans L. plantarum 

Intercept -47.5 ± 6.2 -45.0 ± 5.3 

pH 13.9 ± 1.7 13.4 ± 1.5 

Ac -31.8 ± 4.0 -5.7 ± 0.5 

La 2.3 ± 2.2 -34.3 ± 4.7 

La2 N.S.2 -0.8 ± 0.2 

Ac · pH 5.7 ± 0.9 N.S. 

La · pH -1.8 ± 0.6 7.5 ± 1.1 

Ac · La 1.1 ± 0.3 N.S. 

-2 ln L 265.8 233.4 

AIC 279.8 245.4 

SC 318.0 278.2 

Hosmer-Lemeshow 

statistic 

7.4 (df = 8) 

P-value = 0.490 

12.3 (df = 8) 

P-value = 0.139 

c-value 0.996 0.997 

% correct predictions 95.1 97.6 
1 Terms not listed were not significant (P = 0.01) for both strains 
2 Not significant (P = 0.01) 

 

Figure 2.2 (A-D) depicts a series of model predictions at various growth probabilities at 

0% (w/v) and 2.5% (w/v) acetic acid, on the one hand, and 0% (w/v) and 2.5% (w/v) lactic 

acid, on the other hand. In the absence of acetic acid (Fig. 2.2A), an increasing amount of 

lactic acid at constant pH has a significant influence on the growth probability. If the acetic 

acid concentration is increased (Fig. 2.2B), the growth/no growth transition zone is shifted to 

less stringent conditions of pH and lactic acid. Besides, the transition zone is narrowed and 

straightened, indicating that the addition of lactic acid has only little influence on the growth 

probability in the presence of acetic acid. The cross sections at constant lactic acid 

concentrations show also a shift to milder stress conditions for acetic acid and pH if lactic 

acid concentrations increase (Fig. 2.2C & D). It should be remarked that at higher lactic acid 

concentrations, the influence of acetic acid on the width of the transition zone became more 

pronounced, which was also supported by the data (Fig. 2.1B & 2.2D).  
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Figure 2.1: Cross sections of the growth/no growth interface of L. fructivorans (A & D: 0% 

(w/v) acetic acid, B & E: 2.5% (w/v) lactic acid and C & F: pH 4) based on the 

model containing total acids (A, B, C) (Eq. 2.5) and the model with undissociated 

and dissociated forms of acids (D, E, F) (Eq. 2.7). Lines represent the ordinary 

logistic regression model with the total acid concentrations p = 90% (    ); 

 p = 50% (       ) and p = 10% (ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and 

(Δ): p ∈ ]0%,100%[ with the measured percentage of growth indicated 
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Figure 2.2:  Cross sections of the growth/no growth interface of L. fructivorans at lower growth 

probabilities (A & E: 0% (w/v) acetic acid; B & F: 2.5% (w/v) acetic acid; C & G: 

0% (w/v) lactic acid and D & H: 2.5% (w/v) lactic acid) based on the model 

containing total acids (A, B, C, D) (Eq. 2.5) and the model with undissociated and 

dissociated forms of acids (E, F, G, H) (Eq. 2.7). Lines represent the ordinary 

logistic regression model with the total acid concentrations p = 90% (       );  

p = 50% (       ); p = 10% (ּּּּּּ); p = 1% (- ּ -ּ ) and p = 0.1% (-*-) 
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L. plantarum 

From the data set of L. plantarum, also one anomalous point was left out (pH 4.5; 1% (w/v) 

acetic acid and 2.5% (w/v) lactic acid; p = 75%) and one medium was contaminated (pH 4.5, 

0% (w/v) acetic acid and 3% (w/v) lactic acid). The total data set contained, by consequence, 

1740 data points. 

Taking into account the total acid concentrations, the following model equation was obtained: 

logit (p) = – 45.0 + 13.4 · pH – 5.7 · Ac – 34.3 · La  (Eq. 2.6) 

– 0.8 · La2 + 7.5 · La · pH 

The parameter estimates with their standard deviations and the performance statistics of the 

model are given in Table 2.1. The predictive power and concordance index of this model were 

high, the -2 ln L, AIC, and SC were low, all indicating a good model fit. This can also be 

deduced from some cross sections of the model (Fig. 2.3A-C).  

At constant lactic acid concentrations, the growth/no growth interface is characterised by 

straight lines because no second order or interaction terms with acetic acid were selected in 

the model equation (Eq. 2.4 and Fig. 2.3B). At pH 4.5 (Fig. 2.3C), the MIC value for lactic 

acid for L. plantarum lies outside the data generation range. This observation and model 

prediction is most likely not pointing to a higher resistance of L. plantarum towards lactic 

acid compared with L. fructivorans but is probably caused by a data point (pH 4.5, 0% (w/v) 

acetic acid and 3% (w/v) lactic acid), which is missing due to contamination. This can be 

deduced from (i) the characterisation of the strain and (ii) by comparing Figure 2.2A with 

Figure 2.4A. These figures indicate that, on the one hand, the growth/no growth interface in 

the absence of acetic acid is more narrow for L. plantarum than for L. fructivorans, implying 

that less lactic acid is necessary to reach low growth probability for L. plantarum. On the 

other hand, an inverse curvature of the growth/no growth interface for L. plantarum is 

observed in the absence of acetic acid. At 2.5% (w/v) acetic acid (Fig. 2.4B), the growth/no 

growth interface was more steep compared to the one at 0% (w/v) acetic acid, indicating that 

increasing amounts of lactic acid have less effect on the growth ability when acetic acid is 

present. At constant lactic acid concentrations, however, no influence of increasing acetic acid 

concentration on the wideness of the growth/no growth interface was noticed (Fig. 2.4C and 

2.4D). 
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Figure 2.3: Cross sections of the growth/no growth interface of L. plantarum (A & D: 2% (w/v) 

acetic acid, B & E: 0% (w/v) lactic acid and C & F: pH 4.5) based on the model 

containing total acids (A, B, C) (Eq. 2.6) and the model with undissociated and 

dissociated forms of acids (D, E, F) (Eq. 2.8). Lines represent the ordinary logistic 

regression model with the total acid concentrations p = 90% (      ) ; p = 50%  (       ) 

and p = 10% (ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and (Δ): p ∈ 

]0%,100%[ with the measured percentage of growth indicated 
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Figure 2.4:  Cross sections of the growth/no growth interface of L. plantarum at lower growth 

probabilities (A & E: 0% (w/v) acetic acid; B & F: 2.5% (w/v) acetic acid; C & G: 

0% (w/v) lactic acid and D & H: 2.5% (w/v) lactic acid) based on the model 

containing total acids (A, B, C, D) (Eq. 2.6) and the model with undissociated and 

dissociated forms of acids (E, F, G, H) (Eq. 2.8). Lines represent the ordinary 

logistic regression model with the total acid concentrations p = 90%  (       );  

p = 50% (       ); p = 10% (ּּּּּּ); p = 1% (- ּ -ּ ) and p = 0.1% (-*-) 
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2.3.1.2 Models incorporating the undissociated and dissociated form of acids 

The same data sets were also modelled taking into account the undissociated and dissociated 

form of the acids. 

L. fructivorans 

In a first modelling step, all main effects were incorporated in the model equation. 

Afterwards, DAc (dissociated acetic acid) and ULa (undissociated lactic acid) were left out in 

the final model because the P-values were higher than 0.01 (0.033 and 0.240, respectively). 

Consequently, all interaction and quadratic terms with DAc and ULa were omitted as well 

from the model before a stepwise forward selection was performed. Following model 

equation was finally selected: 

logit (p) = – 52.5 + 15.2 · pH – 9.9 · UAc – 18.4 · DLa (Eq. 2.7) 

+ 2.4 · UAc · DLa + 2.4 · DLa · pH  

The parameter estimates with their standard deviations and the performance statistics of the 

model are given in Table 2.2.  

On the one hand, the overall percentage correctly predicted (96.3%) is higher than the model 

in which the total acid concentration (Eq. 2.5) was taken into account. The other statistics,  

(-2 ln L, AIC, and SC) are also better. On the other hand, the Hosmer-Lemeshow statistic is 

worse than for the other model (Eq. 2.5). Some cross sections of the model are depicted in 

Figure 2.1 (D-F). Almost no differences are visible between the two models for L. fructi-

vorans, except for the cross section at 0% (w/v) acetic acid (Fig. 2.1A & D). The small 

differences between the models are more pronounced at low probability values (Fig. 2.2). 

Therefore, more replicates should be performed in the transition zone and in the region of the 

low growth probabilities to make a proper comparison with the model incorporating the 

concentrations of total acids. 

L. plantarum 

In the first modelling step, all main effects were added to the model equation. Afterwards, 

DLa (dissociated lactic acid) was left out in the final model because of the high p-value 

(0.349). Consequently, all interaction and quadratic terms with DLa were omitted from the 

model as well, before the stepwise forward selection was performed. Following model 

equation was finally selected. 
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logit (p) = – 47.2 + 14.1 · pH – 28.2 · UAc – 14.6 · ULa + 9.8 · DAc (Eq. 2.8) 

– 9.5 · UAc · pH 

The parameter estimates with their standard deviations and the performance statistics of the 

model are given in Table 2.2.  

 

Table 2.2: Parameter estimates with their standard errors and performance statistics for the 

models with the dissociated and undissociated forms of the acids 

Variable1/ 

Performance statistic 
L. fructivorans L. plantarum 

Intercept -52.5 ± 6.0 -47.2 ± 6.0 

pH 15.2 ± 1.7 14.1 ± 1.7 

UAc -9.9 ± 1.0 28.2 ± 1.9 

ULa N.S.2 -14.6 ± 1.5 

DAc N.S. 9.8 ± 3.0 

DLa -18.4 ± 2.7 N.S. 

UAc · pH N.S. -9.5 ± 1.9 

DLa · pH 2.4 ± 0.6 N.S. 

UAc · DLa 2.4 ± 0.5 N.S. 

-2 ln L 249.9 232.6 

AIC 261.9 244.6 

SC 294.6 277.4 

Hosmer-Lemeshow 

statistic 

13.7 (df = 8) 

P-value = 0.091 

15.6 (df = 8) 

P-value = 0.049 

c-value 0.997 0.997 

% correct predictions 96.3 97.6 
1 Terms not listed were not significant (P = 0.01) for both strains 
2 Not significant (P = 0.01) 

Performance statistics are comparable to the performance of the model with total acid 

concentrations. Some cross sections are depicted in Figure 2.3 (D-F). At constant acetic acid 

concentration, the predicted growth/no growth interface takes the same position as model 

Equation 2.6 (Fig. 2.3A). Differences between the growth/no growth model with the 

undissociated and dissociated acid forms and the total acid concentrations are noticeable when 
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comparing Figure 2.3B and E, and 2.3C and F. At 0% (w/v) lactic acid, Equation 2.8 follows 

better the trend in the data points (Fig. 2.3B and E) whereas, at pH 4.5, Equation 2.6 tends to 

fit the data better (Fig. 2.3C and F). 

For lower growth probabilities, not much difference is seen between the two models 

(Fig. 2.4), however, the model with the undissociated and dissociated acid forms reproduces 

illogical growth/no growth interfaces (Fig. 2.4F and G).  

2.3.2 Comparison between the model for L. plantarum and L. fructivorans 

To facilitate a comparison, Figure 2.5 represents lines with a growth probability of 1% at 

different acid concentrations. The zones, between the full lines and the dashed lines indicate 

the differences between the models with the total acids for L. fructivorans (Eq. 2.5) and 

L. plantarum (Eq. 2.6), respectively. This implies that a lot of conditions exist in which only 

one of the two species will grow and cause spoilage.  

 

A C  

  
B D  

  
Figure 2.5:  Cross sections of the growth/no growth interface of L. plantarum (    ) and 

L. fructivorans (      ) at 1% growth predicted (A: 0% (w/v) acetic acid; B: 0% (w/v) 

lactic acid; C: 2.5% (w/v) acetic acid and D: 2.5% (w/v) lactic acid). Lines 

represent the ordinary logistic regression model with the total acid concentrations 

(Eqs. 2.5 and 2.6) 
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It should be noted that the shape and wideness of this zone will alter dependent on the growth 

probability under evaluation. It was also seen that dependent on the combination of 

environmental conditions, one of the two species seems to be the more resistant, implying the 

necessity of using both models separately (Eqs. 2.5 and 2.6) for predictions. 

2.3.3 Comparison with CIMSCEE code 

Figure 2.6 indicates the area of stability based on the formula for L. buchneri (Eq. 2.4), the 

formula generally used by the industry (Eq. 2.3) and the models developed in this study 

(Eqs. 2.5 & 2.6). The results show for lactic acid bacteria that the formula for L. buchneri 

(Eq. 2.4) made an underestimation at the higher pH-values and an overestimation at the lower 

pH-values. However, the formula, which is generally used, gave an overestimation for both 

lactic acid bacteria under investigation in our study, particularly at low pH-values. This was, 

however, expected because this formula includes the growth/no growth boundary of yeasts, 

which are in general more resistant to acidic conditions (Tuynenburg Muys, 1971). This yeast 

can as such not be compared with lactic acid bacteria.  

 

A: L. plantarum B: L. fructivorans 

  
Figure 2.6:  Comparison of the developed model  (       ) at 10% growth probability with the 

generally used CIMSCEE code (       ) and the code for L. buchneri (ּּּּּּ). A: for 

L. plantarum and B: for L. fructivorans  

 

2.4 DISCUSSION 

For L. fructivorans, both growth/no growth models show that the addition of lactic acid can 

only be beneficial when no or low concentrations of acetic acid are present. Otherwise, 

inhibition is mainly caused by the combinatory effect of pH and acetic acid. Besides, it is 
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observed that at higher amounts of lactic acid, the influence of pH on the growth probability is 

more pronounced than in the absence of lactic acid. A possible explanation for this 

phenomenon can be the increased buffering capacity of the media in the presence of lactic 

acid (pKa 3.8) for the pH range of this study (3.0 – 5.0), which is situated in the growth/no 

growth transition zone. This influence of pH, however, decreases if the acetic acid 

concentration increases. For L. plantarum, the transition zone is situated at the same pH 

values; however, this zone is much smaller at high lactic acid concentrations, indicating that 

lactic acid shows more antimicrobial activity towards this species as compared with 

L. fructivorans. In the absence of lactic acid, the transition zone is broader, implying that 

differences in acetic acid will have a significant effect on the growth probability.  

For the model development, ordinary logistic regression models were preferred to logistic 

regression models derived from a square-root type kinetic model. The latter model type has 

the advantage to contain biological meaningful parameters. These parameters, however, 

appear in a non-linear way hampering parameter estimation (Ratkowsky, 2002). Fixing these 

parameters yields a linear regression problem but may lead to a suboptimal model if the fixed 

values are erroneous. Gysemans et al. (2007b), for example, concluded that the sensitivity of 

the model performance towards erroneous values of minimal inhibitory concentration of 

acetic acid is quite high. In the present study, knowledge is insufficient to accurately estimate 

(or fix) the non-linear appearing parameters. Furthermore, the logistic regression model 

derived from a square-root type kinetic model inherently assumes the existence of minimum 

inhibitory values and a synergistic effect of environmental factors. As it was decided not to 

fix the curvature of the model in advance, ordinary logistic models were chosen to model the 

data after elimination of anomalous data points.  

Both ordinary logistic regression models are able to describe the growth/no growth interface 

of the lactic acid bacteria well. As food industry is more interested in (very) low growth 

probabilities, the predictive behaviour of the model at (very) low growth probabilities is 

visualized in Figures 2.2 and 2.4. Acid concentrations to prevent growth are overestimated 

and inhibitory pH-values are estimated too low as compared to the data (compare, e.g.,  

Fig. 2.1A and Fig. 2.2A). In some cases, illogical interfaces (inconsistent with 

microbiological knowledge) are predicted for growth probabilities of 0.1 and 1% (see e.g., 

Fig. 2.4G). This low model performance is, however, not completely unexpected. Logistic 

regression models are most reliable in regions where the probability changes significantly as a 

function of the explanatory factors. Near 0% (and also near 100%) growth probability, the 
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model behaves asymptotically and is less sensitive to errors. Furthermore, no experimental 

data are available between 0 and 8% growth probability (given 12 replicates) such that model 

predictions in this region are less accurate. 

The illogical shape of the curves can be due to the fact that a polynomial function was used 

for the model equation. These models are characterized by their flexible behaviour, describing 

empirically the influences of environmental conditions on the growth probability. The 

drawbacks of these models, however, are the danger of overfitting and the microbiological 

illogical results. A way of solving these problems is the use of constrained polynomial 

models, meaning a combination of the flexibility of a polynomial and the incorporation of a 

priori microbial knowledge (e.g., growth probability should decrease at more stressful 

intrinsic factors) as constraints during parameter estimation (Section 1.2.3.1). For more 

information about this modelling technique, reference is made to Geeraerd et al. (2004).  

As the inhibitory effect of organic acids can be related to the undissociated acid, in the first 

place, and to the dissociated acid in case of high concentrations, growth/no growth models 

containing these variables as explanatory factors were also developed. The higher 

antimicrobial effect of the undissociated forms of the acids is attributed to their lipophilic 

nature. This allows a rapid diffusion through the plasma membrane. In the cell the 

undissociated form will dissociate in H+ and the anion. The increased amount of protons, on 

the one hand, leads to a drop in the internal pH which inhibits many metabolic functions and 

the accumulation of anions, on the other hand, may generate a high turgor pressure (Lambert 

and Stratford, 1999). These differences were not reflected in the developed models. There 

were only a few advantages associated with the use of polynomial models containing the 

undissociated and dissociated form of the acids, separately. For L. fructivorans, the predictive 

power is slightly higher and the range of validity is determined completely by the range of 

data generation. For L. plantarum, conversely, both models perform equally well. Therefore, 

the authors suggest the use of only the models considering the amount of total acid because of 

their simplicity. 

The detailed data gathered in this study, show that buffer systems with acetic and lactic acid, 

can be used to decrease the growth probability of lactic acid bacteria, which has already been 

proven earlier (Debevere, 1987). By embedding these effects into growth/no growth models, a 

useful tool is made for the part of the food industry dealing with spoilage of acidified food 

products like sauces, ketchup, dressing, etc. Therefore, it is of utmost importance to have an 
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idea about the model performance at lower growth probabilities. To obtain more precise 

information about the low percentage of growth, more replicates must be performed, 

particularly in the conditions in the growth/no growth transition zone. For example, if one 

wants to make a reliable prediction in the order of 1% chance of growth, one should perform 

100 replicates for each condition. By consequence, this is very labour intensive and 

expensive.  

The differences that are obtained between the two strains for a growth probability of 1%, 

suggest that more data generation with other strains may be necessary to construct a general 

growth/no growth model for spoilage by lactic acid bacteria. This difference in resistance can 

be, among others, attributed to the metabolism of these two lactic acid bacteria. 

L. fructivorans and L. plantarum are obligate and facultative heterofermentative lactic acid 

bacteria, respectively (Vandamme et al., 1996). It is known that heterofermentative lactic acid 

bacteria are in general less resistant than homofermentative lactic acid bacteria (De Angelis et 

al., 2002). It can be assumed that also variance in resistance between strains of one species 

can be observed. Further validation of the model for strain variability is therefore necessary. 

The developed models, however, can be used to determine which combination of 

environmental conditions should be further examined with other strains to further define the 

conditions in which spoilage by lactic acid bacteria can occur.  

The CIMSCEE code which is now often used by food producers, made an underprediction of 

the growth probability at higher pH levels, if the code for L. buchneri is used. This may lead 

to microbial unstable products. Conversely, the generally used CIMSCEE code indicates that 

an overestimation is made, particularly for the amount of acetic acid at low pHs. These 

overestimations ensure the microbial stability of the product but from organoleptical point of 

view it may be better to lower the concentration of the acids.  

2.5 CONCLUSIONS 

The developed growth/no growth models for lactic acid bacteria showed that growth 

inhibition of these microorganisms can be obtained under conditions realistic for acidified 

sauces. Therefore, production of these products without chemical preservatives will not cause 

immediate risk of spoilage by lactic acid bacteria. Other spoilage microorganisms, however, 

such as yeasts are probably more problematic and therefore a growth/no growth model for 

yeast within the same environment conditions will be developed (Chapter 3).  
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Chapter 3  

Modelling the unexpected effect of acetic and lactic acid 

in combination with pH on the growth/no growth 

interface of Zygosaccharomyces bailii 
 

 

 

Summary 
A specific spoilage yeast in acidified sauces is Zygosaccharomyces bailii, as this fructophilic, 

osmotolerant, and weak acid resistant yeast is difficult to control. A growth/no growth model 

for Z. bailii was developed describing the influence of (i) pH in a range from pH 3.0 to pH 5.0 

(5 levels), (ii) acetic acid in a range from 0 to 3.5% (w/v) (7 levels), and (iii) lactic acid in a 

range from 0 to 3.0% (w/v) (6 levels). aw was fixed at a level of 0.95 which is representative 

for acidified sauces with high sugar content. Modified Sabouraud medium was inoculated at  

± 104 CFU/ml, incubated at 30°C and growth was assessed by optical density measurements. 

All combinations of environmental conditions were tested in at least twelve replicates, 

yielding precise values for the probability of growth.  

Results showed that replacing acetic acid by lactic acid, which has a milder taste, may imply 

some risks on food spoilage because, under some conditions, stimulation of growth by lactic 

acid was observed. This stimulation had also consequences on the model development:  

(i) only ordinary logistic regression models were able to describe this phenomenon due to 

their flexible behaviour, (ii) it was necessary to split up the data set into two subsets to have 

the best description of the obtained data. Two different ordinary logistic regression models 

were fit on these data sets taking either the total acid concentration as one of the explanatory 

variables or differentiating between the undissociated and dissociated acid concentrations.  
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The obtained models were compared with the CIMSCEE code (CIMSCEE, 1992), a formula 

which is nowadays often used by the food industry to predict the stability of acidified 

products based on the undissociated acetic acid, NaCl and sugars concentration. Comparing 

this formula and the newly developed models showed that the CIMSCEE code made a slight 

underestimation of the growth probability. Advantages of the new developed models are the 

description of the gradual transition zone between growth and no growth and the 

incorporation of the effect of lactic acid, alone or in combination with acetic acid. 
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3.1 INTRODUCTION 

Due to the significant economical losses caused by spoilage in food and beverages, microbial 

stability has gained an increasing interest by food microbiologists. Quantitative data about 

these losses, however, are difficult to obtain. Mainly for reasons of commercial 

confidentiality, the incidence and the economical costs of spoilage outbreaks are often not 

reported. Food producers are particularly interested in growth/no growth models as these 

models can predict the stability of their products. Spoilage in sauces characterised with low 

pH, lower aw’s and presence of acidulants is predominantly caused by lactic acid bacteria, 

moulds and yeasts (ICMSF, 2005). Prevention of this spoilage in shelf-stable products such as 

sauces is predominantly based on acidification with organic acids and addition of chemical 

preservatives (Section 1.1.2). Because of the consumers’ increasing awareness towards these 

preservatives, the food industry will be forced to search for other preservation methods. For 

lactic acid bacteria, growth/no growth models particularly for this kind of sauces were 

previously developed (Chapter 2). The present study, however, focuses on the growth/no 

growth interface of a specific spoilage yeast at environmental conditions typical for these 

sauces (i.e., low pH value, relatively low aw, and presence of organic acids). 

Concerning yeast spoilage, it is generally assumed that only about ten species are responsible 

for the spoilage of foods that have been processed and packed according to the standards of 

good manufacturing practice (GMP). Zygosaccharomyces bailii belongs to this group and is 

known as one of the most notorious yeasts for the industries of mayonnaises and salad 

dressings (Loureiro and Querol, 1999). Z. bailii is also an important spoilage microorganism 

in acid sauces with high sugar content such as ketchup. This is based on two particularly 

features of the yeast: on the one hand, its fructophilic behaviour and, on the other hand, its 

high tolerance for weak organic acids. Fructophily is based on two mechanisms: (i) a high 

capacity transport system for fructose not used for other hexoses, and (ii) an inactivation of 

the general hexose transport system that is triggered by high concentrations of fructose 

(SousaDias et al., 1996). To counteract acidification, the yeast cells pump out protons via an 

energy-requiring plasma membrane H+-ATPase. More details about the resistance mechanism 

are previously discussed in Section 1.1.3.2. Also important for the food industry is the fact 

that Z. bailii can resist a broad spectrum of preservatives, including commonly used chemical 

preservatives in sauces such as sorbic and benzoic acid (Praphailong and Fleet, 1997; Steels et 

al., 2000; Martorell et al., 2007).  
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In literature, some probabilistic models for growth/no growth of Z. bailii are known. An 

overview of these models for Z. bailii with the model-type used and the explanatory variables 

included in the model is given in Table 1.6 (Section 1.2.3.1). 

The purpose of the present study is to determine the growth/no growth boundary of Z. bailii, 

influenced by pH (3.0 – 5.0), acetic acid concentrations (0 – 3.5% (w/w)) and lactic acid 

concentration (0 – 3.0% (w/w)), at constant aw (0.95). The developed model can be used to 

predict the stability of acidified sauces without chemical preservatives, such as benzoic and 

sorbic acid. Lactic acid was added as an extra variable as this acid could be used to replace 

part of the acetic acid in order to reduce the acid taste in these products. Growth was assessed 

in up to 174 media and each condition was tested in at least twelve replicates. Data were fit 

with a logistic regression model with a polynomial on the right-hand side of the equation. 

This model-type was used because of (i) its ability to describe gradual changes in probability, 

(ii) its ability to incorporate any environmental factor and its interactions and, (iii) its flexible 

behaviour. An advantage of this flexible behaviour is that the curvature of the ordinary 

logistic regression models is not defined in advance, compared with other modelling 

techniques such as a logistic regression derived from a square-root-type kinetic model 

(Gysemans et al., 2007b; Section 1.2.3). 

As for the model for lactic acid bacteria (Chapter 2), the model developed in the present study 

was compared with the CIMSCEE code (CIMSCEE, 1992), a code which is nowadays often 

used by food producers as a standard for assessing the stability of acidified sauces. Details 

about the CIMSCEE code are presented in Chapter 1 and 2. 

3.2 MATERIALS AND METHODS 

A general overview on the different aspects used to develop the growth/no growth models is 

given in the Appendix. The following paragraphs highlight the more detailed and specific 

information on the models developed for Z. bailii. 

3.2.1 Yeast strain and culture condition 

Z. bailii (strain 174, culture collection LFMFP) was taken from a stock culture stored at  

–75°C and grown in Sabouraud broth (SAB, Oxoid, Hampshire, England). The purity of the 

strain was checked on Trypton Soy Agar (TSA, Oxoid) supplemented with 15% (w/v) sugar 

to facilitate the detection of the yeast. After 24h growth in SAB at 30°C, a subculture was 
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taken and grown again at 30°C for 24h in modified SAB at pH 4.0 (acidified with HCl (5N 

solution from concentrated HCl, UN 1789, Merck KgaA, Darmstadt, Germany). This 

modified SAB is based on SAB supplemented with 7.5% (w/v) fructose (F-0127, Sigma, 

Steinheim, Germany) and 5.5% (w/v) glucose (G-8270, Sigma). In this way 15% (w/v) sugars 

were present in total, taking into account the glucose present in SAB broth (2% (w/v)). Next 

to the sugars, 4% (w/v) NaCl (Vel 1723, VWR, Leuven, Belgium) was added. The addition of 

sugars and NaCl led to an aw of 0.950 ± 0.005. pH was measured by a pH electrode (Knick, 

type 763, Berlin, Germany) and the aw of the obtained solutions was checked twice with an 

aw-kryometer Typ AWK – 20 (NAGY messysteme GmbH, Gaufelden, Germany). All media 

were filter-sterilised (Ø 0.2 µm, Nalge Nunc International, Rochester, USA). 

To determine the ranges of intrinsic factors for the growth/no growth model, the strain was 

characterised for its pH, acetic and lactic acid resistance in media based on this modified 

SAB. The individual effect of pH stress was tested in media without acetic acid (Vel 90010, 

VWR) and lactic acid (1055-05, Roland Chemicalien, Brussel, Belgium) and at seven 

different pH levels between 2.25 to 5.0. The stress of each acid was evaluated at pH 5.0 in 

amounts ranging from 0 to 5% (w/w) (8 levels). Media with different pHs were acidified with 

HCl (5 N) and media containing one of the organic acids were adapted to pH 5.0 by adding 

HCl (5 N) or NaOH (10 N solution from NaOH pellets, 71690, Fluka Chemica, Steinheim, 

Germany). 

3.2.2 Data generation for growth/no growth modelling 

In total, 174 media were prepared with different pH (3.0 - 5.0), lactic acid (0 - 3.0% (w/v)) 

and acetic acid (0 - 3.5% (w/v)) concentrations. The media were prepared with modified SAB. 

To prepare these media, a stock solution of the modified SAB broth (1.1 x the final 

concentration of the modified SAB broth) and stock solution (10 x concentration present in 

the final media) of the several acid combinations were made. Afterwards 9 units of modified 

Sabouraud were mixed with one unit of one of the stock solutions and the pH was adapted to 

the specific pH by HCl (5 N, VWR) or NaOH (10 N, VWR). All media were filter sterilised 

(Ø 0.2 µm, Nalge Nunc International). 

To remove the culturing medium, a washing procedure with physiological saline solution of 

0.85% (w/v) NaCl (Vel 1723, VWR) was used on the yeast cells before inoculation in the 
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microtiter plate. After the washing procedure, cells were resuspended in one of the specific 

media and, finally, 1/10 diluted in the same medium (Appendix).  

All media were divided into microtiter plates (180 µl). Next, the inoculum culture (20 µl) was 

brought into the microtiter plates to obtain a final inoculation density of 4.5 log CFU/ml. For 

each medium, 12 to 24 replicates were performed (Appendix). The inoculum density was 

determined by plating on TSA (Oxoid) supplemented with 15% (w/v) sugar. The microtiter 

plates were packed in plastic bags with pieces of wet paper to keep them moist and were 

incubated at 30°C for 30 days. 

Growth assessment was performed by OD measurements at a wavelength of 600 nm as 

described in the Appendix. For each replicate growth or no growth was determined and used 

to calculate the growth probability at a certain combination of intrinsic factors (Appendix). 

At the end of the incubation period, the strain purity was checked by looping out on TSA agar 

supplemented with 15% (w/v) sugar. Wells that did not show any turbidity were plated on the 

same agar to assess whether inactivation occurred. 

3.2.3 Development of the growth/no growth model 

The growth/no growth data were used to develop a growth/no growth model for Z. bailii with 

acetic acid, lactic acid and pH as explanatory variables. An ordinary logistic regression model 

was used to describe the data. The equation of this model consists of a polynomial (right-hand 

side) and logit (p) = ln(p/(1-p)) (left-hand side) with p the probability of growth. General 

information on the ordinary logistic regression model can be found in the Appendix. 

The most general standard logistic regression model for this case study is given by 

Equation 3.1 taking the concentration of the total acids (% (w/v)) into account, and by 

Equation 3.2 when the undissociated and dissociated form of the acids are considered: 

 
LaAcLapHAcpH

LaAcpHLaAcpH)(logit 222
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 (Eq. 3.1) 
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 (Eq. 3.2) 

where Ac (% (w/v)), UAc (% (w/v)), and DAc (% (w/v)) are the total, undissociated, and 

dissociated acetic acid concentration, respectively, and where La (% (w/v)), ULa (% (w/v)), 

and DLa (% (w/v)) are the total, undissociated and dissociated lactic acid concentration, 

respectively. bi (i = 1,…,20) are the parameters to be estimated. The data were described by 

both models in order to compare model performance.  

The models were fit in SPSS 12.0 (SPSS, Inc., Chicago IL., USA) using linear logistic 

regression, according to the procedure described in the Appendix. 

Model performance was evaluated by using different goodness-of-fit statistics (-2 ln L, AIC, 

SC and Hosmer-Lemeshow statistic) and predictive power measures (classification tables,  

c-value and ROC-curve) (Section 1.2.3.2). More detailed information on evaluating the model 

performance can be found in the Appendix. 

The predicted growth/no growth interfaces for p = 0.1, 0.5 and 0.9 for both models were 

plotted in Matlab®7.1 (The Mathworks, Inc., Natick, MA, USA). General information on the 

graphical representation and on the interpretation of the results is given in the Appendix. 

3.2.4 CIMSCEE code for stability of sauces 

To establish this formula, growth limits of two yeasts (S. acidifaciens (synonym for Z. bailii) 

and P. membranaefaciens) are used. S. acidifaciens was the most resistant of those three 

(Tuynenburg Muys, 1971). Therefore, the growth/no growth boundary of this 

microorganisms, after taking into account a margin of safety, was used to establish the 

following code: 

Σ = 15.75 · UAc + 3.08 · salt + hexose + 0.5 · disacch (Eq. 3.3) 

with UAc, the undissociated acid concentration (% (w/w)), salt: NaCl concentration  

(% (w/w)), hexose, concentration of glucose and fructose (% (w/w)), disacch, concentration 

disaccharide (% (w/w)). All values are expressed on the water phase. 
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In the present study the concentration of salt (4% (w/w)) and sugar (15% (w/w)) were kept 

constant which simplifies the equation to: 

Σ = 15.75 · UAc + 27.32 (Eq. 3.4) 

For P. membranaefaciens, a less acid resistant yeast, following equation was obtained: 

Σ = 16.58 · UAc + 36.76 (Eq. 3.5) 

No growth of these microorganisms is guaranteed if the Σ -value exceeds 63 (CIMSCEE, 

1992). More details about the CIMSCEE code can be found in Section 1.1.2.6. 

3.3 RESULTS 

Screening of the Z. bailii strain towards pH, acetic and lactic acid resistance revealed that 

growth occurred at pH ≥ 2.5 in less than 6 days while at pH 2.25 growth only occurred after 

20 days (incubation at 30°C). The strain showed resistance towards 4% (w/v) acetic acid 

(growth within 12 days) and 5% (w/v) lactic acid (growth within 11 days), both at pH 5.0. 

Note that pH 2.25, on the one hand, and 5% (w/v) lactic acid, on the other hand, were the 

lowest pH and the highest concentration tested. 

3.3.1 Description of trends observed in the growth/no growth data 

Figure 3.1A illustrates that at the lowest pH tested in these experiments (pH 3.0) and in the 

absence of lactic acid, a decrease in growth probability only occurred at acetic acid 

concentrations higher than 2% (w/v). In the absence of acetic acid, the growth probability 

remained 100% at pH 3.0 within the range of the lactic acid concentrations tested (≤ 2.5% 

(w/v)). Observe that the transition zone between growth and no growth at pH 3.0 with 

increasing lactic acid concentrations is quite broad (Fig. 3.1A) and becomes narrower as a 

function of acetic acid at higher pH values (Fig. 3.1B & C). Because the growth/no growth 

interface as a function of lactic acid is situated beyond the limits of the experimental design, it 

can be assumed that the antimicrobial effect of acetic acid is higher than the one of lactic acid.  

Growth/no growth data showed under some conditions unexpected (counter intuitive) results. 

Namely, for combinations of intrinsic factors, an increase in growth probability was observed 

with increasing concentrations of one of the antimicrobial components. In the present data set 

for Z. bailii, several regions could be defined were this phenomenon occurred. A stimulation 

of growth was observed at increasing lactic acid concentrations, as indicated by the marked 
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regions in Figure 3.1B & D. Stimulation by acetic acid was only found at pH 4.5 and at low 

concentrations of lactic acid (Fig. 3.1D). The small increase in growth probability (from 75 to 

83%) when increasing acetic acid from 1.5 to 2% (w/v) acetic acid at pH 4.0 and 2.5% (w/v) 

lactic acid (Fig. 3.1C), conversely, can be related to an experimental error because this 

difference is caused by only one replicate and is not supported by the kinetic data (see 

further).  

 

 A B 

 
 C D 

 
Figure 3.1:  Illustration of the gradual transition from growth to no growth at different pH 

values A: pH 3.0; B: pH 3.5; C: pH 4.0; and D: pH 4.5. Data points: (+): p = 100%; 

(o): p = 0% and (Δ): p ∈ ]0%,100%[ with the measured percentage of growth 

indicated. Regions where unexpected results were obtained are indicated in the 

marked out regions 

 

To further elucidate these findings, kinetic growth data (i.e., OD as a function of time) were 

evaluated. It was observed that lactic acid had, to a certain extent, a stimulating effect on the 

growth rate of Z. bailii. At pH 4.5 and 0% (w/v) acetic acid, for example, growth was faster at 

increasing lactic acid concentrations (Fig. 3.2). Data points of which unexpected results were 
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not supported by stimulation of growth rate, were defined as anomalous data points and left 

out of the data set for the development of the growth/no growth models (see also Appendix). 

Following points were left out: (i) pH 3.0, 1.5% (w/v) acetic acid and 2.5% (w/v) lactic acid 

(p = 1); (ii) pH 4.0, 1% (w/v) acetic acid and 1% (w/v) lactic acid (p = 0.67); (iii) pH 4.5,  

3% (w/v) acetic acid and 2.5% (w/v) lactic acid (p = 0.75). The medium with pH 5.0, 0% 

(w/v) acetic acid, and 2.5% (w/v) lactic acid was left out due to contamination. The total data 

set contained, by consequence, 2492 data points. 
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Figure 3.2:  Representation of the stimulation of increasing lactic acid concentrations on the 

growth rate of Z. bailii at pH 4.5, aw 0.95 and 0% (w/v) acetic acid. ◊: 0% lactic 

acid; □: 1% lactic acid and ∆: 1.5% lactic acid 

 

3.3.2 Development of the growth/no growth model 

To model the data, two strategies were applied: (i) using the total data set and (ii) dividing the 

data set in subsets to improve the descriptive quality, especially in zones with growth 

stimulation by lactic acid and/or acetic acid. All data sets were fit by an ordinary logistic 

regression model with either the total acid as one of the explanatory variables (Eq. 3.1) or 

with the undissociated and dissociated acids as part of the explanatory variables (Eq. 3.2).  

To define the subsets, the border between the region with unexpected and the region with 

consistent results was evaluated. Definition of unexpected results was based on the 
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observation of an increase in growth probability or growth rate under conditions with 

increasing stress (Fig. 3.1). To determine this border different combination and ratios of total, 

undissociated acid, and dissociated acid concentrations were calculated, on a weight-% basis 

as well as on molarity basis. None of these combinations gave any indication about a critical 

concentration or ratio causing stimulation by one of the acids.  

Evaluation of the data showed that most illogical results caused by lactic acid were found at 

pH 3.5 and 4.0, i.e., pH values close to the pKa-value of lactic acid (3.86 at 25°C). For lactic 

acid the stimulation effect (on the growth probability as well as on the growth rate) was found 

at pH 4.5 (Figs. 3.1D & 3.2), also pH-values close to the pKa-value of acetic acid (pKa = 4.75 

at 25°C). Note that for the pKa-values, the ionic strength of the medium was not taken into 

account, which may lead to a lower actual pKa-value. The differences that this would have on 

the growth/no growth model are, however, negligible (Sortwell, 2001). On the basis of the 

observations, it was decided to split up the data at the pH value closest to the pKa-values of 

the acids. At pH values lower than the pKa-value, the majority of acids will be in the 

undissociated form while at higher pH values the majority will be in the dissociated form. 

These differences could have an influence on the developed models. Concerning acetic acid it 

is not necessary to split up the data set because almost all combinations at pH 4.5 and 5.0 

showed 100% growth. By consequence, no boundary between the growth and no growth 

regions needs to be defined at these conditions. Concerning lactic acid, the data set was split 

up in four subsets: (i) pH 3.0 and 3.5; (ii) pH 3.0, 3.5 and 4.0; (iii) pH 4.0, 4.5 and 5.0 and  

(iv) pH 3.5, 4.0, 4.5 and 5.0. The second and fourth combination contained both pH 3.5 and 

4.0 to include predictions within the region between those two pH’s. After evaluation of those 

four data subsets by developing logistic regression models, the second and third model 

showed the best results for both types of model equations (Eqs. 3.1 and 3.2). Therefore, only 

these models, having pH 4.0 (close to the pKa-value) as common pH level will be discussed 

in detail and compared with the model developed on the total data set. As it is impossible to 

present all figures of all models, some characteristic cross sections were selected to describe 

and visualize model performances. 

3.3.2.1 Growth/no growth models based on the complete data set 

Logistic regression models considering the total concentration of acids 

When the total concentrations of lactic and acetic acid were taken into account, the following 

model equation was obtained:  
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logit (p) =  52.4 – 20.6 · pH – 11.5 · Ac – 6.5 · La  (Eq. 3.6) 

+ 1.1 · La · pH + 0.9 · Ac · La + 3.1 · pH2 + 1.5 · Ac2 

The parameter estimates with their standard deviations and the performance statistics of the 

model are given in Table 3.1.  

 

Table 3.1: Parameter estimates with their standard errors and performance statistics for the 

models for total acids (Eq. 3.1) 

1 Terms not listed were not significant (P = 0.01) for both strains 
2 Not significant (P = 0.01) 

 

The Hosmer-Lemeshow statistic takes a high value (and by consequence a low P-value) 

which would indicate that the data are not well described. It should, however, be noted that 

this statistic may be influenced by a single bad predictions. Conversely, the overall percentage 

Variable1 

Statistics/predictive power 

Total data set Data subset 1 Data subset 2 

Constant 52.4 ± 5.4 -12.9 ± 5.3 94.2 ± 17.9 

pH -20.6 ± 3.0 8.9 ± 2.2 -12.8 ± 3.7 

Ac -11.50 ± 1.5 2.1 ± 2.4 -58.9 ± 8.1 

La -6.5 ± 0.9 -4.5 ± 0.8 -5.7 ± 1.3 

Ac · pH N.S.2 -2.9 ± 0.7 8.2 ± 1.5 

La · pH 1.1 ± 0.3 N.S. N.S. 

Ac · La 0.9 ± 0.3 1.9 ± 0.3 2.5 ± 0.5 

pH2 3.1 ± 0.4 N.S. N.S. 

Ac2 1.5 ± 0.3 N.S. 3.3 ± 0.8 

- 2 ln L 849.998 535.134 363.456 

AIC 

SC 

865.998 

912.564 

547.134 

578.762 

377.456 

415.639 

Hosmer-Lemeshow 

 

161.023 

P-value < 0.001 

22.361 

P-value = 0.004 

21.155 

P-value = 0.007 

c-value 0.972 0.975 0.981 

% predicted correct 93.1 95.1 97.3 
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correct predictions came to 93.1% and the concordance index (c-value) was 0.972 ± 0.003, 

indicating a reasonable model fit. 

In general, it was seen that the model did not perform well at conditions close to the limits of 

the data set. At pH 3.0, for example, the model overestimated at some conditions the growth 

probability, while at other conditions underestimations were obtained (Fig. 3.3A). At pH 4.5, 

the model could also not describe the illogical results at high acetic acid and low lactic acid 

concentrations (Fig. 3.3B). Figure 3.3C indicates that at low pH and higher lactic acid 

concentrations the model underestimates the growth probabilities. Moreover, the model shows 

at low pH and low lactic acid concentrations a curvature which is not supported by the data. 

The cross sections at constant lactic acid concentrations showed also deviant behaviour of the 

model compared with the obtained data (Fig. 3.3D). 

Logistic regression models considering the undissociated and dissociated form of the acids 

When the undissociated and dissociated forms of both acids were taken into account, the 

following model equation was obtained:  

logit (p) = – 41.1 + 16.9 · pH + 26.5 · UAc – 22.3 · ULa + 229.8 · DAc – 63.37 · DLa 

– 10.6 · UAc · pH + 7.8 · ULa · pH – 55.6 · DAc · pH  (Eq. 3.7) 

+ 11.9 · DLa · pH + 4.8 · DLa · UAc + 24.8 · DAc2 

The parameter estimates with their standard deviations and the performance statistics of the 

model are given in Table 3.2. Since the goodness-of-fit statistics (–2 ln L, AIC and SC) had 

smaller values, it can be concluded that the model performed better in comparison with the 

model considering the total concentration of acid (Eq. 3.6). Although the Hosmer-Lemeshow 

statistic showed a higher value, this does not necessarily indicate a worse fit because it might 

be due to a single bad prediction. The predictive power showed also better results in 

comparison with the model with the total concentration of acid (Eq. 3.6). The % correct 

predictions and the c-value were slightly better. 
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Figure 3.3: Cross sections of the growth/no growth interface of Z. bailii (A & E: pH 3.0, B & F: 

pH 4.5, C & G: 2.5% (w/v) acetic acid, and D & H: 2.0% (w/v) lactic acid) based on 

the complete data set fit by the model containing total acids (A, B, C, D) (Eq. 3.6) 

and the model with undissociated and dissociated forms of acids (E, F, G, H) 

(Eq. 3.7). Lines represent the ordinary logistic regression model with the total acid 

concentrations p = 90% (       ); p = 50% (       ) and p = 10% (ּּּּּּ). Data points: 

(+): p = 100%; (o): p = 0% and (Δ): p ∈ ]0%,100%[ with the measured percentage 

of growth indicated 
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Table 3.2:  Parameter estimates with their standard errors and performance statistics for the 

models with the dissociated and undissociated forms of the acids 

1 Terms not listed were not significant (P = 0.01) for both strains 
2 N.S.: Not significant (P = 0.01) 
3 -: a priori not included in the model equation 

 
 

Variable1 

Statistics/predictive power 
Total data set Data subset 1 Data subset 2 

Constant -41.1 ± 8.5 22.9 ± 2.4 -537.8 ± 80.7 

pH 16.9 ± 2.8 -2.0 ± 0.6 144.8 ± 21.7 

UAc 26.5 ± 4.1 -7.6 ± 0.7 N.S. 

ULa -22.3 ± 5.3 -14.5 ± 1.9 218.9 ± 66.5 

DAc 229.9 ± 29.4 -3 285.6 ± 43.4 

DLa -63.4 ± 12.6 - N.S. 

UAc · pH -10.6 ± 1.4 N.S. N.S. 

ULa · pH 7.8 ± 1.9 2.7 ± 0.6 -59.9 ± 17.8 

UAc · ULa N.S.2 2.3 ± 0.4 N.S. 

DAc · ULa N.S. - 58.1 ± 13.2 

DAc · pH -55.6 ± 7.0 - -108.7 ± 16.2 

DLa · pH 11.9 ± 2.4 - N.S. 

UAc · DLa 4.8 ± 0.8 - N.S. 

DAc2 24.8 ± 3.6 - 90.4 ± 13.2 

- 2 ln L 701.899 535.866 318.717 

AIC 

SC 

725.899 

795.744 

547.866 

579.314 

334.717 

378.354 

Hosmer-Lemeshow 

 

239.166 

P-value < 0.001 

5.749 

P-value = 0.675 

36.810 

P-value < 0.001 

c-value 0.981 0.975 0.987 

% predicted correct 93.6 95.3 98.1 
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Comparison of cross sections of both models confirmed that the model considering the 

undissociated and dissociated acid was better (Fig. 3.3). At pH 3.0, it was seen that the model 

fits better the growth probabilities at higher lactic acid concentration than the model 

considering the total acid concentrations (Eq. 3.6) (Fig. 3.3A & E). At 2% (w/v) acetic acid 

and low lactic acid concentration, however, an underestimation was obtained while at 2.5% 

(w/v) acetic acid an overestimation occurred (Fig. 3.3E). An advantage of Equation 3.7 is the 

ability to describe the stimulating effect of acetic acid at pH 4.5 (Fig. 3.3F). Since the pH is in 

almost all conditions lower than the pKa-value of acetic acid, the concentration of dissociated 

acetic acid will be low and it was thought that it would have no influence on the growth/no 

growth interface. However, if the dissociated acetic acid and all the interaction terms 

including this variable were left out of the model equation, the obtained model was not able to 

describe the data observed at high acetic acid concentrations at pH 4.5. 

Regarding the cross section at 2.5% (w/v) acetic acid (Fig. 3.3G), the model describes the data 

better at high lactic acid concentrations and low pH values. The overestimation at low lactic 

acid concentrations remains as in the model considering the total acids (Eq. 3.6). Figure 3.3H 

indicates again that the model considering the undissociated and dissociated form of the acids 

(Eq. 3.7) describes much better the data compared with the other model (Eq. 3.6), particularly 

at low pH values (Fig. 3.3D). 

3.3.2.2 Growth/no growth models based on two data subsets 

Logistic regression models considering the total acid 

For subset 1 containing data at pH 3.0, 3.5 and 4.0, following model equation was obtained: 

 
logit (p) =  – 12.9 + 8.9 · pH + 2.2 · Ac – 4.5 · La  (Eq. 3.8) 

– 2.9 · Ac · pH + 1.9 · Ac · La  

 

For subset 2 containing data at pH 4.0, 4.5 and 5.0, following model equation was obtained: 

 
logit (p) =  94.2 – 12.8 · pH – 58.9 · Ac – 5.7 · La  (Eq. 3.9) 

+ 8.2 · Ac · pH + 2.5 · Ac · La + 3.3 · Ac2 
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It was seen that the structure of both models was similar. Only for the model at the higher pH 

values the quadratic term for acetic acid was kept as an extra term. The parameter estimates 

with their standard deviations and the performance statistics of the model are given in 

Table 3.1. It should be noted that these statistics are separately for the two submodels. As the 

statistics may only be compared for identical data sets (Gysemans et al., 2007b), a comparison 

by the statistics between these models and the model of the total data set is not appropriate. If 

the two models are combined, the data sets are equal and the c-value and % correct 

predictions may be compared. The combined model contained the data at pH 4.0 twice as 

these data were used in the model fitting of both subsets. Therefore, Equation 3.8 was used to 

predict growth probabilities at pH ≤ 4.0 and Equation 3.9 for pH > 4.0. This splitting up was 

also used to simulate the growth/no growth boundaries is Figure 3.4. For the combined model 

the obtained c-value was 0.979 and 96.1% was predicted correctly. These values were slightly 

better than the values obtained by the model on the total data set (Table 3.1). 

The combined model showed quite smooth transition at pH 4.0 and had the advantage that the 

data at the limits of the data set were much better described. The under- and overestimations 

at pH 3.0 and high acetic acid concentrations did no longer occur (Fig. 3.4A in comparison 

with Fig. 3.3A & E). At pH 4.5, the stimulation by lactic acid and acetic acid could very well 

be described (Fig. 3.4B). At 2.5% (w/v) acetic acid, a very gradual transition from 10 to 50% 

growth chance was obtained, as supported by the data (Fig. 3.4C). This is the advantage of the 

combined model because until pH 4.0 the model with Equation 3.8 was used, forming the 

10% growth/no growth interface, while the 50 and 90% growth/no growth boundary were in 

this cross section defined by the other model (Eq. 3.9). For a lactic acid concentration of  

2% (w/v), the combination of the two models could better describe the behaviour at pH 3.0 

compared with the model fit on the total data set (Fig. 3.3D and Fig. 3.4D). 
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Figure 3.4: Cross sections of the growth/no growth interface of Z. bailii (A & E: pH 3.0, B & F: 

pH 4.5, C & G: 2.5% (w/v) acetic acid, D & H: 2.0% (w/v) lactic acid) based on the 

data subsets fit by the model containing total acids (A, B, C, D) (Eq. 3.8 & 3.9) and 

the model with undissociated and dissociated forms of acids (E, F, G, H) (Eq. 3.10 

& 3.11). Equation 3.8 & 3.10 are used to predict growth probability at pH ≤ 4.0 

while Equation 3.9 & 3.11 are used for pH > 4.0. Lines represent the ordinary 

logistic regression model with the total acid concentrations p = 90% (      ); p = 50% 

(      ) and p = 10% (ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and  

(Δ): p ∈ ]0%,100%[ with the measured percentage of growth indicated 
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Logistic regression models considering the undissociated and dissociated acid 

If the undissociated and dissociated forms of the acids were used on the two data subsets, the 

general model equation (Eq. 3.2) was not suitable. Because of the limited number of 

combinations of intrinsic factors considered in these subsets, a polynomial with  

20 explanatory variables was too extended to have an appropriate model fit. Although for 

subset 1, none of the variables had a P-value higher than 0.01 (criterion to exclude it from the 

model equation), a model with all variables led to an overfitting of the data. Therefore, certain 

assumptions were a priori taken into account for the model fit.  

For the data set including all data at pH 3.0, 3.5 and 4.0, the dissociated form of the acetic 

acid was not taken into account because these pH values were lower than the pKa-value of 

acetic acid (pKa 4.75). This implies that the amount of dissociated acetic acid will be low and 

its influence shall be less important.  For lactic acid, the dissociated form could not be left out 

a priori because at pH 4.0 the majority of lactic acid will be in its dissociated form. Therefore, 

two model equations were fit to this subset: a polynomial including pH, DLa, UAc and ULa 

and a polynomial including pH, ULa and UAc, both with the quadratic and interaction terms 

including these variables. The model equation with pH, ULa and UAc seemed to have a 

slightly better fit. This model had the highest percentage correct predictions and the lowest 

Hosmer-Lemeshow statistic. The -2 ln L-value was a little bit lower for the model including 

dissociated lactic acid but as in this latter model more parameters must be estimated, the AIC 

statistic was similar. The c-value of both models was the same. Therefore, the model without 

dissociated lactic acid was selected to construct the combination model. 

Following model equation was obtained: 

 

 logit (p) =    22.9 – 2.0 · pH – 7.6 · UAc – 14.5 · ULa  (Eq. 3.10) 

 + 2.7 · ULa · pH + 2.3 · UAc · ULa 

 

To make sure that this model was appropriate, several other combinations of explanatory 

variables were used in the model fits. Both acids were always taken into account, leading to 

following model equation: (i) dissociated lactic and acetic acid, (ii) dissociated acetic acid and 

undissociated lactic acid, and (iii) undissociated acetic acid and dissociated lactic acid. None 
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of these combinations gave a pronounced better fit and the calculations of the predictive 

power of all models were slightly worse than the one of the chosen model (Eq. 3.10). 

For the dataset including all data at pH 4.0, 4.5 and 5.0, none of the variables could be left out 

on the basis of the pH and pKa-value of the acid, because for both acids the pH-values closest 

to the pKa-value were included. Therefore, the complete model equation (Eq. 3.2) was fit to 

the data and from these results it seemed that UAc and DLa were not significant (P > 0.01). 

These terms together with their quadratic and interaction terms were left out of the model 

before the model fitting. Following model equation was then obtained:  

 

 logit (p) = – 537.8 + 144.8 · pH + 218.9 · ULa + 285.6 · DAc  (Eq. 3.11) 

 – 59.9 · ULa · pH – 108.7 · DAc · pH + 58.1 · DAc · ULa + 90.4 · DAc2 

 

The parameter estimates of both models with their standard deviations and the performance 

statistics of the models are given in Table 3.2. From the performance statistics it was seen that 

both models (low as well as high pH-values) considering the undissociated and dissociated 

form of the acid were slightly better than the models taking into account the total acid 

(Table 3.1). This was also observed for the models on the total data set. The c-value and the 

% correct predictions were for the combined model 0.983 and 96.9%, respectively. These 

values were slightly higher than the combined model considering the total concentration of 

the acids and were also higher than the model taking into account the undissociated and 

dissociated forms of the acids fit on the total data set (Table 3.2). Particularly the % correct 

predictions are considerably higher if the combined models are compared with the model fit 

on the total data set. 

Like the combined model considering the total acid concentrations (Eq. 3.8 & 3.9), this model 

was able to describe the stimulation of growth by acetic acid and lactic acid (Fig. 3.4B & F). 

Compared with the model considering the total acids, overestimation of growth probability 

was observed at pH 3.0 and 0% (w/v) lactic acid (Fig. 3.4C & G). Cross sections at constant 

lactic acid concentrations illustrate that the model including the undissociated and dissociated 

acid is able to describe the stimulation of acetic acid at higher concentrations (Fig. 3.4D & H). 

This is even more pronounced at lower lactic acid concentrations (Fig. 3.5). These figures also 

show that in the absence of lactic acid, the transition zone is quite narrow (between 2 and 
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2.5% (w/v) acetic acid) and that the influence of pH on this interface is limited for pH ≤ 4.0. 

At pH > 4.0, however, pH is more influencing on the growth/no growth interface. Note that 

the model containing the undissociated and dissociated forms of the acid based on subset 2 

does not give a convex curvature at all conditions.  

 

  
Figure 3.5:  Cross sections of the growth/no growth interface of Z. bailii (A: 0% lactic acid, B: 

1% lactic acid) based on the data subsets fit by the model with undissociated and 

dissociated forms of acids (Eq. 3.10 & 3.11). Lines represent the ordinary logistic 

regression model with the total acid concentrations p = 90% (       ); p = 50% (       ) 

and p = 10% (ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and (Δ): 

p ∈ ]0%,100%[ with the measured percentage of growth indicated 

 

3.3.3 Comparison with CIMSCEE code 

Comparing the newly developed models with the generally used CIMSCEE code showed a 

high similarity between these models and the CIMSCEE code based on the growth/no growth 

interface of S. acidifaciens. While the equation for P. membranefaciens made an 

underestimation of the growth probability. Particularly, the combined models based on the 

two data subsets were describing the same influence of acetic acid and pH. Note that the 

CIMSCEE code indicates the zone were no growth is possible while the lines representing the 

new developed model present the boundary at 10% growth (Fig. 3.6). Moreover these higher 

percentages of growth are also supported by the data (see e.g., pH 3.5 and 2.5% (w/v) acetic 

acid (p = 0.33) and pH 4.5 and 3.5% acetic acid (p = 0.71)). This implicates that the 

CIMSCEE code makes a slight underestimation of the growth probability.  
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Figure 3.6: Comparison of the developed model (       ) at 10% growth probability with the 

CIMSCEE code for S. acidefaciens (       ) and for P. membranaefaciens (ּּּּּּ) for 

four different models. A: model with the total acids (Eq. 3.6) and B: model with 

the undissociated and dissociated forms of the acids (Eq. 3.7), both on the complete 

data set. C: model with the total acids (Eqs. 3.8 & 3.9) and D: model with the 

undissociated and dissociated forms of the acids (Eqs. 3.10 & 3.11), both on the 

divided data set 

 

3.4 DISCUSSION  

To determine the microbial stability of sauces towards yeast, Z. bailii was considered as a 

specific spoilage organism. This yeast is the most recovered one from mayonnaise, sauces and 

pickles (James and Stratford, 2003). Characteristics that make this yeast so problematic are its 

significant resistance towards weak acid and preservatives (Steels et al., 2000), its ability to 

ferment glucose and fructose (SousaDias et al., 1996), and its osmotolerance (James and 

Stratford, 2003). Spoilage by Z. bailii results in odours and off-flavours, gas production, and 

ethanol production. Moreover, ethanol can also, next to anaerobically, be produced under 

aerobic conditions and growth on fructose leads to higher ethanol production and reduced 

biomass yield compared with growth on glucose (Merico et al., 2003). Z. bailii is also 

exceptionally resistant towards weak acids such as acetic, benzoic, propionic and sorbic acid 
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(Steels et al., 2000). In general, resistance towards weak acids is due to the presence of 

systems counteracting the effect of acids and maintaining the internal pH (pHi) homeostasis. 

These systems are dependent on the plasma membrane H+-ATPase (Beales, 2004). A more 

detailed discussion on these resistance mechanisms is given in Section 1.1.3.2. 

The results obtained in the present study showed that replacing acetic acid by lactic acid, 

which has a milder taste, will not always improve the microbial stability of sauces. On the 

contrary, stimulation of yeast growth by lactic acid was observed at some combinations of 

intrinsic factors. This stimulation can be observed by an increased growth probability, on the 

one hand, and a higher growth rate for conditions allowing growth, on the other hand. This 

phenomenon may be due to the higher buffer capacity of lactic acid within the examined pH 

region. The stimulation by acetic and lactic acid has also been reported earlier for 

S. cerevisiae growth at pH 4.5 (Thomas et al., 2002). These authors demonstrated that growth 

at pH 3.0 was less inhibited than at pH 4.5, if the same amount of undissociated acid was 

added (implying a higher amount of total acid at pH 4.5 than at pH 3.0). This proves that not 

only the amount of undissociated acid was determinant for the antimicrobial activity but also 

the total amount of acid (Thomas et al., 2002). The buffer pairs formed by adding acetic and 

lactic acid will prevent the pH from dropping to inhibitory levels. Besides, the undissociated 

forms of acid that will pass through the membrane will dissociate. The protons that are 

extruded will form again undissociated forms from the dissociated forms present in the 

medium and diffuse again into the cells. The implication is that the magnitude of growth 

inhibition is a function of the total concentration of the acid (Thomas et al., 2002).  

The finding of the stimulating effect of lactic acid at certain conditions complicated the model 

development. To determine which of the presented growth/no growth models fit the data best, 

it should be noted that it is only possible to compare, on the one hand, both models with the 

total data set and, on the other hand, both models on the subsets with each other. If the data 

sets are not identically, better goodness-of-fit statistics and higher predictive power do not 

necessarily correspond to better model types. It is known that the concordance rate of a model 

will be higher for a data set where conditions that clearly exhibit growth or no growth, 

conditions far from the growth/no growth interface, are included (Gysemans et al., 2007b). 

Dividing the data set in two subsets led in general to a better predictive model. This can be 

concluded from the visual representations of the model, on the one hand, and by the c-value 

and % correct predictions of the combined model, on the other hand. It should be noted that 
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for determination of the c-value and the % correct predictions precautions must be taken for 

conditions at pH 4.0. These data are incorporated in the models of both subsets while for the 

model on the total data set the values at pH 4.0 were only one time taken into account. 

Therefore, the % correct predictions and the c-value were calculated by combining the 

predicted probabilities of subset 1 for pH 3.0, 3.5 and 4.0 and of subset 2 for 4.5 and 5.0.  

Previously, it was seen for lactic acid bacteria that models with total acid and models 

considering the undissociated and dissociated form of the acids performed equally well or a 

slightly higher predictive power can be observed for the models considering the undissociated 

and dissociated form of the acids (Chapter 2). In this study, it was seen that models including 

the undissociated and dissociated forms performed better, both on the total data set and on the 

two data subsets. It should, however, be remarked that the curvature of this model is not 

convex at all conditions while, it is generally assumed that the growth region can be described 

by a convex polyhedron (Baranyi et al., 1996; Le Marc et al., 2005; Gysemans et al., 2007a). 

Therefore, the authors suggest using the model based on the divided data sets and taking into 

account the total acid concentrations as explanatory variables. Jenkins et al. (2000) preferred 

as well a model considering total acid and pH as explanatory variables. In that case, the 

question about how much the pKa-values is influenced by the ionic strength does not arise 

anymore. As Jenkins et al. (2000) concluded that considering the ionic strength in calculating 

the pKa-value had only limited effect on the predictions by the models, the pKa-value in the 

present study was a priori kept at 3.86 and 4.75 for lactic and acetic acid, respectively. 

From the present study, it could also be concluded that high acetic acid and/or lactic acid 

concentrations are needed to eliminate Z. bailii in products containing high concentrations of 

fructose. This implies that eliminating chemical preservatives such as sorbic and benzoic acid 

from these products will have important consequences on the shelf-life of the products or on 

the sensorial properties, because more acid should be added. According to the EU-law (EU, 

1995), maximum 2000 ppm of sorbic and benzoic acid in total may be added, depending on 

the type of sauce and on the fat content. Several studies, however, indicate that lower amounts 

are sufficient to eliminate this spoilage yeast. The results concerning resistance towards sorbic 

and benzoic acid separately are, however, inconsistent: Martorell et al. (2007) demonstrated 

that Z. bailii was resistant to maximum 440 ppm benzoic acid and 1000 ppm sorbic acid in 

media with pH 4.0, while the study of Steels et al. (1999) showed resistance to 575 sorbic acid 

and 1200 ppm benzoic acid at the same pH. According to the study of Praphailong et al. 

(1997), 250 ppm sorbic and benzoic acid are the maximum concentrations allowing growth at 
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pH 3.0, while at pH 5.0, 1200 ppm benzoic acid and 750 ppm sorbic acid still allow growth. A 

more detailed discussion on the resistance towards chemical preservatives such as benzoic 

and sorbic acid is given in Section 1.1.3.2. 

Z. bailii is known as a fructophillic yeast implying that it prefers to metabolise fructose over 

glucose. Therefore, the yeast has a specific, high capacity system for the transport of fructose 

while glucose is transported by a lower capacity system that also accepts fructose and is 

partially inactivated by it (SousaDias et al., 1996).  

The model of Jenkins et al. (2000) described the influence of salt, sugar, acetic acid and pH 

on the growth/no growth boundary of Z. bailii. Because only three replicates at three different 

levels for each variable were taken into account, the model was difficult to compare with the 

newly developed one. Moreover, the model of Jenkins et al. (2000) could only be compared 

with the present model in the narrow pH range from 3.5 to 4.0, as it was only valid within this 

pH range. The CIMSCEE code (CIMSCEE, 1992) was developed to predict the growth 

limiting concentrations of undissociated acid, salt and sugar for most acetic acid tolerant 

microorganism at pH between 3.0 and 4.5 (Section 1.1.2.6). The slight underestimation of the 

growth probability made by the CIMSCEE code can partially be explained by the shorter 

incubation period (21 days) and the lower temperature (25°C). The advantages of the newly 

developed models are (i) the description of a gradual transition zone and (ii) the incorporation 

of lactic acid.  

3.5 CONCLUSIONS 

In this chapter a growth/no growth model was developed for Z. bailii under conditions, typical 

for acidified sauces. As acetic and lactic acid had an inhibitory activity as well as a growth 

stimulating effect, the growth/no growth model fit on the total data set was not appropriate. 

Therefore, the data set was split up on the basis of the pKa-value. By fitting ordinary logistic 

regression models on those two subsets a good description of the growth/no growth interface 

was obtained. Models including the undissociated and dissociated forms of the acids 

performed slightly better than models containing the total acids as explanatory variables. The 

curvature of the former models were, however, not always convex. Therefore, and because of 

the simplicity of the models incorporating the total acids, these models are preferred. To 

further elucidate the stimulation by acids, extra research on the metabolism of the yeast is 

necessary. For example, concentrations of glucose, fructose, acetic and lactic acid need to be 
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followed during growth, together with metabolite production (volatile compounds such as 

ethanol, ethyl acetate,…). 

It could also be concluded that relatively high amounts of acetic and lactic acid are needed to 

inhibit the growth of Z. bailii. This implicates that if chemical preservatives, such as sorbic 

and benzoic acid, are omitted from the product, the shelf-life will be much shorter or the 

sensorial properties will change as significant higher amounts of acid are needed. 

Chapter 2 and 3 describe the growth probability of spoilage organisms in acidified sauces. To 

be able to compare spoilage by yeasts and lactic acid bacteria, all three models were 

incorporated in a user-friendly software package (Chapter 7). This software package will 

predict the growth probability of these specific spoilage organisms for the intrinsic factors 

chosen by the end-user. 

Next to spoilage, microorganisms can also cause foodborne illnesses and therefore also the 

growth of pathogenic microorganisms should be studied. The intrinsic factors of acidified 

sauces as such combined with proper storage conditions will inhibit growth of pathogens 

(Section 1.1.3.1) but when sauces are mixed with other ingredients (e.g., vegetables, meat, 

fish,…) to form salads (e.g., tuna salad, potato salad, ham salad, etc.) the pH and aw will 

increase and the amount of acetic acid will decrease, which makes growth of pathogens 

possible. As the models developed in Chapter 2 and 3 are not valid for mayonnaise-based 

salads, growth/no growth models for L. monocytogenes were developed at conditions typical 

for mayonnaise-based salads. The models were developed for high (Chapter 4) and low 

(Chapter 5) inoculation levels. 
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Chapter 4 

Development of a growth/no growth model for Listeria 

monocytogenes describing the influence of pH, water 

activity and acetic acid concentration at 7°C 

 

Summary 
This chapter presents a growth/no growth model for Listeria monocytogenes (in a 

monoculture and in a mixed strain culture) developed under conditions typical for 

mayonnaise-based salads. Data were gathered at 7°C in Nutrient Broth with different 

combinations of intrinsic factors pH (5.0 – 6.0, 6 levels), water activity (0.960 – 0.990, 

6 levels) and acetic acid concentration (0 – 0.8% (w/w), 5 levels). The strains used were 

chosen from screening experiments in which the pH, water activity and acetic acid resistance 

of 26 L. monocytogenes strains (LFMFP culture collection) was determined at 30°C. The 

screening indicated that most L. monocytogenes strains were not able to grow at aw < 0.930, 

pH < 4.3 or a total acetic acid concentration > 0.4% (w/w). 

A full factorial design with the selected strains was tested. The experiments were performed 

in microtiter plates and the growth was followed by optical density measurements at 380 nm. 

The plates were inoculated with 6 log CFU/ml and twenty replicates were made for each 

treatment combination. Data were used (i) to determine the growth/no growth boundary and 

(ii) to estimate the influence of the environmental conditions on the time to detection. 

Different model-types (minimum convex polyhedron approach, the (nonlinear) logistic 

regression model derived from a square root-type kinetic model, and the ordinary logistic 

regression model) were fit on the data set by BioTeC, KULeuven (partner in this research) to 

decide which model performed the best (Gysemans et al., 2007a & b). In this chapter, 

however, only the ordinary logistic regression, i.e., with polynomial on the right-hand side of 

the model equation, will be discussed as only this model-type was able to fit the data of the 

mixed strain cultures.  
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Results showed that for the monoculture and mixed strain culture the growth/no growth 

interface of L. monocytogenes was not a straight cut-off but rather a narrow transition zone. 

The data also illustrated that in the studied region, aw did not have a pronounced influence on 

the position of the growth/no growth interface while a low concentration of acetic acid (0.2 % 

(w/w)) and a pH decrease from 6.0 to 5.8 was sufficient to significantly reduce the possibility 

of growth.  

The time to detection showed a significant increase at the combinations of environmental 

conditions near the ‘no growth zone’. For example, at 0.2% (w/w) acetic acid, there was an 

increase from ± 10 days to 30 days by lowering pH from 5.8 to 5.6 at aw values of 0.985 and 

0.979, while at pH 5.4 less than 50% growth occurred for all aw values. 
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4.1 INTRODUCTION 

As a consequence of foodborne listeriosis and the wide variety of foods which can be 

contaminated, it is important for the food industry to be able to determine the combinations of 

environmental factors needed to eliminate growth. Because the safety of the product, on the 

one hand, and the organoleptical characteristics, on the other hand, must be guaranteed, 

growth/no growth models can be used to determine the combinations of environmental factors 

that are less stringent than currently applied but still guarantee that L. monocytogenes will not 

be able to grow. As described in Section 1.1.4.1 the incidence rate of L. monocytogenes is 

relatively high in mayonnaise-based salads and, therefore, the environmental characteristics of 

these products were taken as the basis for the present study. Next to different water activity 

and pH levels, acetic acid was also used in this study. This organic acid is the most effective 

in inhibiting pathogenic bacteria at pH values encountered in acidic products, e.g., 

mayonnaise-based salads (Smittle, 2000). It is important to be able to predict how variations 

in these factors will lead to a shift of the growth/no growth interface for L. monocytogenes.  

The purpose of the study presented in this chapter is to gain more detailed knowledge about 

the chance that L. monocytogenes will grow under very specific conditions, based on the 

characteristics of mayonnaise-based salads. Therefore, the number of replicates for each 

environmental condition was increased, as compared to other studies (Section 1.2.3.1), in 

order to be able to refine the growth/no growth interface. As one L. monocytogenes strain can 

not be the most resistant one towards all intrinsic factors under research, it was decided to 

perform also experiments with a mixed culture of five strains. The growth/no growth 

boundary for the mixed culture was compared to the one of the monoculture. Data were also 

used to determine the time to detection as a function of the different combinations of 

environmental factors. 

The large set of data was used to perform a thoroughly comparison between the different 

model types, described in literature, namely (i) the minimum convex polyhedron (MCP),  

(ii) the ordinary (linear) logistic regression model, i.e., with a polynomial on the right-hand 

side of the model equation (type I) and (iii) the (nonlinear) logistic regression model derived 

from a square root-type kinetic model (type II) (Section 1.2.3.1).  
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Logistic regression models are widely used to investigate the relationship between a 

categorical response variable and a set of explanatory variables. The results of this 

comparison performed by BioTeC, KULeuven (partner in this research) showed that both 

model-types performed well on the monoculture data with respect to goodness-of-fit and 

predictive power (Gysemans et al., 2007b). The situation was, however, different for the 

mixed strain cultures. In that case, type II models could not describe the curvature in the 

growth/no growth interface which was reversed to the typical curvatures found for 

monocultures. Therefore, only the fitting by the model type I on both data sets is discussed in 

this chapter. Besides logistic regression, also the MCP approach was used on the data set of 

the monoculture. For more details on the other model types reference is made to Gysemans et 

al. (2007a & b). 

4.2 MATERIALS AND METHODS 

4.2.1 Media preparation 

4.2.1.1 Screening of the strains 

In a preliminary phase, a screening (pH, aw or acetic acid resistance) of 26 L. monocytogenes 

strains was performed in Brain Heart Infusion broth (BHI, Oxoid, Basingstoke, England) at 

30°C. Therefore, different BHI-media were made in which two of the three factors were held 

constant at their optimal value (pH 7.4, aw 0.995, 0% (w/w) acetic acid) while the third one 

was varied: (i) pH from 4.10 to 5.20 (11 levels, adjusted by adding 10 N HCl (UN 1789, 

VWR, Leuven, Belgium), checked after autoclavation and readjusted with sterile 1 N HCl or 

sterile 1 N NaOH (Vel, VWR)), (ii) aw from 0.910 – 0.950 (9 levels, adjusted by adding NaCl 

(Vel)) and (iii) total acetic acid concentration from 0.4 to 1.2% (w/w) (11 levels). The pH was 

measured by a pH electrode (Knick, type 763, Berlin, Germany) and the aw by an aw-

kryometer Typ AWK-20 (NAGY Messysteme GmbH, Gäufelden, Germany). For the media 

in which acetic acid was added, the pH was adjusted to 5.3 by adding sterile 10 N NaOH. All 

these media (31 in total for each strain), together with a control (pH 7.4, aw 0.995 and 0% 

(w/w) acetic acid), were divided in microtiter plates (Roll s.a.s, Plove di Sacco, Italy) with  

96 wells, each filled with 180 µl.  
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4.2.1.2 Growth/no growth experiments 

Growth experiments were performed in 180 different media, based on Nutrient Broth (NB, 

Oxoid), in which 2.5 g/l Na2HPO4 (Sigma, Steinheim, Germany) was added to buffer the 

medium. A switch from BHI to NB was necessary because it was impossible to (i) keep the 

combination of intinsic factors at their predefined levels in either BHI or NB if these media 

were autoclaved and (ii) filter sterilize a large amount of BHI broth through a filter with a 

pore diameter of 0.2 µm (Nalgene Nunc International, Rochester, USA).  

Based on the composition of mayonnaise-based salads and the results of the screening 

experiments, a full factorial design was developed with six levels of pH (5.0, 5.2, 5.4, 5.6, 5.8 

and 6.0) (adjusted with HCl (10 N) or NaOH (10 N)), six levels of water activities (0.960, 

0.967, 0.973, 0.979, 0.985 and 0.990) (adjusted with NaCl) and five levels of total acetic acid 

concentrations (0, 0.2, 0.4, 0.6 and 0.8 % (w/w) (Vel)). A calibration curve between water 

activity and NaCl in NB was used to determine the amount of NaCl to be added to achieve the 

required water activity levels. Finally, the water activity was measured in triplicate and, if 

necessary, the medium was adjusted. The media were filter sterilized (∅ 0.2 µm), and the 

sterile media were stored at room temperature. The media were divided over microtiter plates 

with 96 wells (Roll s.a.s), each filled with 180 µl.  

4.2.2 Inoculum preparation 

4.2.2.1 Screening of the strains 

All strains (Table 4.1) were taken from stock cultures stored at –75°C and were cultured in 

BHI broth. The purity of the strains was checked on Tryptone Soya Agar (TSA, Oxoid) and 

the strains were confirmed on Agar Listeria Ottaviani Agosti (ALOA) (Biolife 401605, Milan, 

Italy) supplemented with ALOA Enrichment selective supplement (Biolife). A subculture was 

taken, incubated at 30°C for 24h and afterwards diluted in BHI broth to the appropriate cell 

density. Finally, 20 µl of these cells were inoculated in 180 µl of one of the different media to 

reach an inoculation level of 6.0 log CFU/ml. Four replicates of the experiments were 

performed and the plates were incubated at 30°C. 

4.2.2.2  Growth/no growth experiments 

L. monocytogenes strains (strain 235 for experiments with monoculture and strains 34, 235, 

236, 680 and 733 for experiments with mixed cultures (culture collection LFMFP)) were 
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separately grown in NB at 30°C for 24h. Afterwards the cells were washed, diluted and 

inoculated in the microtiter plates, as described in the Appendix. A final inoculation level of 

± 6.0 log CFU/ml was obtained. Twenty replicates were carried out for each medium and the 

plates were incubated at 7°C.  

4.2.3 Data collection and data processing 

4.2.3.1 Screening of the strains 

The optical density (OD) of the content of the wells of the microtiter plates was measured 

daily at a wavelength of 600 nm during 30 days using a VERSAmaxTM microplate reader 

(Molecular devices, Sunnyvale, CA, USA) (Appendix). At the end of the incubation period 

the wells in which growth occurred were checked for their purity by streaking onto TSA. 

4.2.3.2 Growth/no growth experiments 

The OD of the solutions in the wells in the microtiter plates was measured at several times 

during 90 days at a wavelength of 380 nm using a VERSAmaxTM microplate reader 

(Molecular devices), as described in the Appendix. The shift to a lower wavelength was 

necessary because of the difference in medium between the screening and growth/no growth 

experiments. The data were used to (i) assess the growth probability (Appendix) and  

(ii) determine the time to detection in the different environmental conditions. Twenty 

replicates were carried out to obtain an accurate view on the growth/no growth boundary, 

although in a small number of cases, contamination occurred in one of the wells reducing the 

number of replicates. 

At the end of the incubation period the purity in the wells in which growth occurred was 

checked by streaking onto TSA. Wells in which no growth occurred were plated on TSA by 

spread plating to determine the cell count. In this way a possible inactivation could be noticed. 

4.2.3.3 Growth assessment 

Growth was assessed based on the OD and the ODblank (pure medium), as described 

thoroughly in the Appendix. In addition, the OD as a function of time was used to determine 

the time to detection for each of the individual wells showing growth. 
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4.2.4 Development of the logistic regression model 

Different logistic regression model types were fit on the data set as described in Gysemans et 

al. (2007b) (partner in this research). As the ordinary logistic regression model was the only 

model-type able to fit both, the data of the monoculture as well as the data of the mixed strain 

culture, this model-type is discussed in this chapter. 

4.2.4.1 Ordinary logistic regression model 

For general information on the ordinary regression model reference is made to the Appendix. 

The second order ordinary logistic regression model for this case study is given by: 
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 (Eq. 4.1) 

where p is the probability of growth (p takes values between 0 and 1); aw, the water activity; 

UAc, the undissociated acetic acid percentage (% (w/w)) and bi (i = 1,…,9), the parameters to 

be estimated. Note that the undissociated acetic acid percentage is used as a predictor variable 

instead of the total acetic acid percentage. The undissociated acetic acid is also depicted on 

the figures, but, because the total acetic acid percentage is most used in practice, data and 

model predictions are also visualized in terms of total acetic acid percentage. 

4.2.4.2 Parameter estimation 

All parameter estimations were performed with SAS®8.2 (SAS Institute, Inc., Cary, NC, 

USA), using the LOGISTIC procedure. This procedure estimates the parameters by means of 

the method of maximum likelihood with optimization of the likelihood via the Fisher Scoring 

method. The stepwise selection option of this logistic procedure was additionally used to 

select only the most significant terms of Equation 4.1. A stringent selection criterion 

(P < 0.001) was applied to prevent overfitting. This work was performed by BioTeC, 

KULeuven (partner in this research). The predicted growth/no growth interfaces for p = 0.1, 

0.5 and 0.9 were plotted in Matlab®6.1 (The Matworks, Inc., Natick, MA, USA). 

4.2.4.3 Evaluation of model performance 

For each model, goodness-of-fit statistics and measures of predictive power were calculated in 

SAS (Section 1.2.3.2). More information on the goodness-of-fit statistics (-2 ln L, AIC, SC, 
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and the Hosmer-Lemeshow statistic) can be found in the Appendix. If a lack of fit is 

observed, the Pearson residuals were calculated for each data points. 

The predictive power of the model was measured by the percent concordant/discordant/tied, 

c-value and the ROC curve (Receiver Operating Curve). These indices determine the 

agreement/disagreement between observed and predicted values. For more details, see the 

Appendix, SAS Institute (1999) and Agresti (2002). 

4.3 RESULTS 

4.3.1 Screening of the strains 

Table 4.1 indicates the most extreme values of the values tested for aw, pH and acetic acid 

concentration at which growth occurred during the period of analysis (30 days incubation at 

30°C).  

High variability among the strains was often observed and, in the region studied, the 

variability between the strains was highest for pH and aw in comparison to the acetic acid 

concentration. The minimum pH of most strains was between pH 4.1 and 4.4 (using HCl as 

the acidulant) at an aw of 0.995 (non adjusted BHI) and no acetic acid added. Although, it 

should be noted that pH 4.1 was the lowest pH tested and the minimum pH for growth may be 

even lower. 

If NaCl was used as the solute, the lowest water activity at which growth was observed was 

on average 0.93 to 0.94. However, some strains (35, 182, 420) could not even grow at aw 0.95 

while one strain (733) grew at aw 0.915 (Table 4.1). The maximum total acetic acid 

concentration at which growth occurred was 0.4 - 0.5% (w/w) at pH 5.3, except for strain 236 

which resisted a concentration of 0.8% (w/w) of acetic acid at pH 5.3 (Table 4.1).  
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Table 4.1:  Screening of 26 L. monocytogenes strains of the LFMFP culture collection for their 

aw, pH and acetic acid resistance. The values indicate the most stringent conditions 

at which growth occurred during 30 days incubation at 30°C in BHI, with the two 

other factors at their optimal values (pH 7.4, aw 0.995 and/or 0% (w/w) acetic acid)  

Strain1 C/F2 aw pH Acetic acid % (w/w)3 

33 F 0.935 4.4 0.4 

34 F 0.930 4.3 0.4 

35 F > 0.950 4.1 < 0.4 

182 F > 0.950 -4 0.4 

207 F 0.930 4.5 0.4 

212 F 0.930 - 0.4 

233 F 0.940 - - 

234 F 0.930 - - 

235 F 0.930 4.1 0.4 

236 F 0.930 4.1 0.8 

349 C 0.935 4.4 0.4 

350 C 0.935 - 0.4 

351 C 0.920 4.4 0.5 

352 C 0.940 4.4 0.4 

416 C 0.930 4.6 0.4 

417 C 0.940 4.3 0.4 

418 C 0.920 4.6 0.4 

419 C 0.940 4.3 0.4 

420 C > 0.950 4.1 0.4 

421 C 0.940 4.1 0.4 

422 C 0.935 4.4 0.5 

423 C 0.940 4.4 0.5 

424 C 0.935 4.4 0.4 

425 C 0.950 4.4 0.4 

680 F 0.920 - 0.5 

733 F 0.915 - 0.4 
1 Numbers of the LFMFP culture collection 
2 Clinical (C) or food (F) isolate 
3 pH was adjusted to 5.3 for all acetic acid concentrations 
4 No data 
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From the screened strains mentioned in Table 4.1, five strains were selected for the growth/no 

growth experiments. The strains that were the most resistant to one of these factors were 

chosen for the data generation of the growth/no growth model. This led to the most extreme 

growth/no growth interface, in the hope that if the model predicted ‘no growth’ at certain 

conditions for the more resistant strain, these predictions would also be valid for the other 

strains. For the selection of the strains only the food isolates were considered. As determined 

by binary logistic regression, there was no significant influence (P < 0.05) of the 

environmental factors (pH, aw or acetic acid) on the response (clinical or food isolate). 

Experiments with a monoculture were performed with strain 235, which had an average aw 

and acetic acid resistance comparable to the other 25 strains but which belonged to the most 

pH resistant strains. Experiments with a mixed culture of five strains were also performed in 

order to combine the strains that were the most resistant to one of the factors. Apart from 

strain 235, the mixed culture consisted of strains 34, 236, 680, 733. These strains had similar 

characteristics to strain 235, except for strain 236 which showed the highest acetic acid 

resistance (0.8% (w/w)) and strain 733 which grew at aw > 0.915. 

4.3.2 Growth/no growth experiments 

In this section the ordinary logistic regression models developed by BioTeC, KULeuven 

(partner in this research) will be presented for the monoculture and the mixed culture. 

Afterwards the influence of the intrinsic factors (pH, aw and acetic acid) on the growth/no 

growth interface will be discussed. The growth/no growth interfaces on all figures are 

predicted by the ordinary logistic regression models. For more details on the other models 

fitted on these data sets and figures representing the other models, reference is made to 

Gysemans et al. (2007b). 

4.3.2.1 Model identification 

Data pre-processing 

Close examination of the monoculture and mixed strain data showed that some anomalies 

were present. In both data sets a decrease in growth probability was sometimes observed 

while the environmental conditions became less severe. This unexpected behaviour could be 

caused by biological variability and/or experimental errors. In this chapter a comparison was 

made between the models derived from the complete data set and the models derived from the 

data sets without anomalous data points. A data point was defined as anomalous if the growth 
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percentage decreased with 10% or more while experimental conditions became less severe. 

This was checked by comparing neighbouring data points in the aw-direction, in the pH-

direction and in the Ac-direction (see also Appendix). This led to an elimination of two data 

points from the monoculture data set ((i) Ac = 0.8% (w/w), aw = 0.990, pH = 6.0 (p = 0);  

(ii) Ac = 0.6% (w/w), aw = 0.990, pH = 6.0 (p = 0.45)) and six data points from the mixed 

strain data set ((i) Ac = 0.8% (w/w), aw = 0.990, pH = 6.0 (p = 0); (ii) Ac = 0.8% (w/w), 

aw = 0.985, pH = 6.0 (p = 0.25); (iii) Ac = 0.8% (w/w), aw = 0.979, pH = 6.0 (p = 0.35); (iv) 

Ac = 0% (w/w), aw = 0.985, pH = 5.2 (p = 0.1); (v) Ac = 0% (w/w), aw = 0.985, pH = 5.0 

(p = 0.26); (vi) Ac = 0% (w/w), aw = 0.973, pH = 5.6 (p = 0.79)). In the case of the 

monoculture an additional data point was removed (Ac = 0.2% (w/w), aw = 0.990, pH = 5.2 

(p = 0.32)). This point was considered as an outlier since the Pearson residual of this point 

was very high. In total, the data sets contained 3111 and 3134 data points for the monoculture 

and mixed strain culture, respectively. 

Parameter estimations and assessment of model performance 

The models derived from the complete data set and from the data set without anomalies are 

presented in Table 4.2 together with their performance statistics. All models describe the data 

well as can be seen from the performance statistics mentioned in Table 4.2. The P-value 

associated with the Hosmer-Lemeshow statistic indicates a reasonable to good model fit. The 

predictive power statistics (c, percent concordant/discordant/tied) reflect high correspondence 

between the observed and predicted values. Almost all statistics are better for the model based 

on the data set without anomalies, except the Hosmer-Lemeshow statistic. However, this 

statistic should always be used with due attention because its value is highly sensitive to a 

single bad prediction. The improved performance for the data set without anomalies is not 

solely due to the decrease in number of data points, but is mainly caused by the fact that 

questionable data points were removed. 

For the mixed strain cultures, an at first sight illogical curvature in the (aw, pH)-plane was 

obtained (see Section 4.3.2.2). This phenomenon did not disappear if the anomalies were 

removed from the data set indicating that it can be caused by mixing various strains with 

different growth limits (aw,min, pHmin, and UAcmax). The curvature of the overall growth/no 

growth interface may bend in the opposite direction as illustrated in Figure 4.1. In this plot, 

parts of plausible growth/no growth interfaces as a function of two factors are given for four 

different strains. The overall growth/no growth boundary for the mixture of the four strains is 
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represented by the bold line. This is only valid if one assumes that the mixture shows growth 

if any of the four strains is able to grow. Another possibility is, that by testing only a narrow 

range of environmental factors, a local disturbance in a general trend could be observed 

(Salter et al., 2000).  

 

Table 4.2: Parameter estimates and standard errors for the ordinary logistic regression model 

(Eq. 4.1) fit to the growth/no growth data of the monoculture and the mixed strain 

culture of L. monocytogenes. The results on the basis of the complete data sets and on 

the basis of the data sets without anomalies are given 

Monoculture data Mixed strain data Variable1/ 

Performance 

statistic 

Complete Without 

anomalies 

Complete Without 

anomalies 

Intercept -228.50 ± 14.21 -436.90 ± 41.46 -95.36 ± 29.18 -39.49 ± 33.81 

aw 177.50 ± 12.18 238.80 ± 16.50 141.30 ± 12.99 159.00 ± 14.25 

pH 10.64 ± 0.62 64.20 ± 11.74 -24.24 ± 9.07 -51.63 ± 11.05 

UAc 829.0 ± 108.0 -230.20 ± 13.20 -2713.5 ± 570.2 -4940.8 ± 726.0 

pH2 N.S.2 -4.79 ± 1.04 3.07 ± 0.83 5.64 ± 1.02 

aw · UAc N.S. N.S. 3647.7 ± 562.4 5851.0 ± 726.1 

pH · UAc -180.1 ± 19.99 N.S. -182.30 ± 12.99 -174.60 ± 14.35 

-2 · ln L 893.61 703.68 1088.01 862.75 

AIC 903.61 713.68 1102.01 876.75 

SC 933.92 743.89 1144.62 919.10 

Hosmer-

Lemeshow P 

0.4914 0.0063 0.0065 0.0149 

c 0.985 0.990 0.979 0.986 

% concordant 98.5 99.0 97.8 98.5 

% discordant 1.4 0.9 2.1 1.4 

% tied 0.1 0.2 0.1 0.1 
1 Terms not listed were not significant (P = 0.01) for both strains 
2 N.S.: not significant, P > 0.001  
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Figure 4.1: Possible growth/no growth boundaries (thin lines) for four different strains as a 

function of two environmental factors. The overall growth/no growth boundary of 

the mixture of the four strains is reflected by the bold line 

 

 

4.3.2.2 Influence of intrinsic factors 

Influence of acetic acid 

In the screening experiments, it was seen that for L. monocytogenes (strain 235) the maximum 

concentration of acetic acid allowing growth was 0.4% (w/w) at 30°C (pH 5.3 and aw 0.995), 

corresponding with 0.087% (w/w) undissociated acetic acid (Table 4.1). However, in the 

experiments with media consisting of several stress factors, growth appeared only at higher 

pH values when 0.4% (w/w) acetic acid was present (Fig. 4.2C & F). This concentration 

corresponds with 0.033% (w/w) and 0.022% (w/w) undissociated acid for pH 5.8 and pH 6.0, 

respectively. The significant difference between the screening and the growth/no growth 

experiments is probably due to the lower temperature, the lower aw and the different medium 

in the latter experiment. 
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Figure 4.2: Growth/no growth interface at different acetic acid concentrations (A & D: 0% 

(w/w) acetic acid, B & E: 0.2% (w/w) acetic acid and C & F: 0.4% (w/w) acetic 

acid) for monoculture experiments. (A – C) model based on the complete data set, 

(D – F) model based on the data set without anomalies. Lines represent the 

ordinary logistic regression model predictions p = 90% (       ), p = 50% (       ),  

p = 10% (⋅ ⋅ ⋅). Data points: (+) p = 100%, (○) p = 0% and (∆) p ∈ ]0%,100%[ with 

the measured percentage of growth indicated 
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Without acetic acid the transition zone between growth and no growth was quite broad. 

However, increasing the amount of acetic acid made it become narrower (Fig. 4.2). This 

phenomenon was even more obvious in the growth/no growth model for the mixed culture 

(Fig. 4.3). The largest shift in the growth/no growth interface was seen at the transition from 

0% to 0.2% (w/w) acetic acid. This shift is mostly related to the strong combined effect of the 

organic acid and pH. It is known that adding organic acids will lead to an increase of the 

minimal pH at which growth will occur. At 0.4% (w/w) acetic acid growth was observed only 

at pH 5.8 and 6.0, irrespective of the aw (Fig. 4.2C & F). Growth was only detected at pH 6.0 

for acetic acid concentrations above 0.6% (w/w). 

 

A C 

 

B  D 

 
Figure 4.3: Growth/no growth conditions at different acetic acid concentrations (A & C: 0% 

(w/w) acetic acid and B & D: 0.2% (w/w) acetic acid) for mixed strain culture 

experiments. A & B: models based on the complete data set, C & D: models based 

on the data set without anomalies. Lines represent the ordinary logistic regression 

model predictions p = 90% (       ), p = 50% (       ), p = 10% (⋅ ⋅ ⋅). Data points: 

(+) p = 100%, (○) p = 0% and (∆) p ∈ ]0%,100%[ with the measured percentage of 

growth indicated  
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For the monoculture data set, the predicted growth/no growth interfaces were very similar for 

the complete data set and the data set without anomalies (Fig. 4.2). Figure 4.3 demonstrates 

the at first sight illogical curvature of the growth/no growth interface of the mixed strain 

culture data, which was observed in the model based on the complete data as well as in the 

model based on the data sets without anomalies (see Section 4.3.2.1). As the models without 

anomalies performed in both cases slightly better (Table 4.2), only these models are 

represented in the next cross sections. 

Influence of pH  

For the monoculture experiments, performed at 7°C, growth did not occur at pH levels of 5.4 

or lower (except in the absence of acetic acid or an aw of 0.990). If the total acetic acid 

concentration was taken into account a reasonable shift of the growth/no growth boundary 

could be observed by lowering the pH from 6.0 to 5.8 (Fig. 4.4A & B). This difference is 

mainly caused by the link of pH and total acetic acid, because if only undissociated acetic acid 

was considered the boundary did not change so drastically when going from pH 6.0 to 5.8 

(Fig. 4.4C & D), while the shift was more obvious at the transition from pH 5.8 to 5.6 

(Fig. 4.4E).  

From Figure 4.4B it can be seen that at pH 5.8, 0.6% (w/w) total acetic acid is needed to have 

0% growth of L. monocytogenes in almost all cases. Looking more in detail to the region 

between 0 and 100% growth shows that this minimum inhibitory acetic acid concentration can 

be lowered by decreasing the aw.  For aw ≤ 0.973, a steep decrease in growth probability takes 

place at an acetic acid concentration higher than 0.2% (w/w) acetic acid while for the higher 

aw-values (0.979 - 0.990) more than 0.4% (w/w) acetic acid is needed to achieve the same 

decrease in growth probability. This illustrates the combined effect of two inhibitors, namely, 

that the antimicrobial effect of acetic acid may be increased by simultaneously lowering the 

aw. 

For the mixed culture experiments the trends were the same as for the monoculture. The main 

shift of the growth/no growth interface was also at the transition from pH 6 to pH 5.8 if the 

total acetic acid was considered (Fig. 4.5A & B), but not if only the undissociated form was 

taken into account (Fig. 4.5C & D). For the latter, the shift was observed at the transition from 

pH 5.8 to pH 5.6 (Fig. 4.5D & E).  
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Figure 4.4: Growth/no growth interface at three different pH levels (A & C: pH 6, B & D: 

pH 5.8 and E: pH 5.6) for monoculture experiments. Lines represent the ordinary 

logistic regression predictions based on the data set without anomalies  

p = 90% (      ), p = 50% (      ), p = 10% (· · · ·). Data points: (+) p = 100%,  

(○) p = 0% and (∆) p ∈ ]0%,100%[ with the measured percentage of growth 

indicated 
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Figure 4.5: Growth/no growth interface at two different pH levels (A & C: pH 6 and B & D: 

pH 5.8 and E pH 5.6) for experiments with mixed cultures. Lines represent the 

ordinary logistic regression model predictions based on the data set without 

anomalies p = 90% (      ), p = 50% (      ), p = 10% (· · ·). (+) p = 100%, (○) p = 0% 

and (∆) p ∈ ]0%,100%[ with the measured percentage of growth indicated  

 

Influence of aw 

Water activity had a less pronounced effect on the position of the growth/no growth boundary 

in the examined region, compared with pH and acetic acid. Figures 4.6A & B indicate the 

growth/no growth boundary at the two extreme water activities. A reasonable decrease in aw 
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(from 0.990 – 0.960) is required to induce a moderate shift of the growth/no growth interface. 

The moderate influence of water activity was observed for both the monoculture and for the 

mixed strain culture (Fig. 4.6C & D).  

 

 

 A B  

 
 C D  

 
Figure 4.6: Growth/no growth conditions at two different aw levels for monoculture 

experiments (A: aw 0.960 and B: aw 0.990) and for mixed strain culture experiments 

(C: aw 0.960 and D: aw 0.990). Lines represent the ordinary logistic regression 

model predictions based on the data set without anomalies p = 90% (     ), p = 50% 

(      ), p = 10% (· · ·). Data points: (+) p = 100%, (○) p = 0% and (∆) p ∈ ]0%,100%[ 

with the measured percentage of growth indicated  

 

4.3.2.3 Enumeration of the cell count 

On the last day of analysis (day 90), enumerations were undertaken for certain wells in which 

no growth occurred. In this way the survival or inactivation of L. monocytogenes in different 

conditions could be assessed. In general the enumerations revealed only a slight inactivation 

and the overall mean cell count was 5.4 ± 0.8 log CFU/ml (inoculation level was 6.4 ± 0.1 log 
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CFU/ml). Only low pH values induced a significant inactivation of L. monocytogenes, which 

was more noticeable as the pH decreased. The mean of the cell count at the most stringent 

condition was 4.9 log CFU/ml. 

4.3.3 Influence of environmental conditions on the time to detection 

For the monoculture experiments an estimation of the time to detection was made in order to 

have a better idea of the changes occurring in the region near the growth/no growth region. 

The time to detection was defined as the time at which the OD became higher than the 

background signal (ODblank + three times the standard deviation of the ODblank) and was 

determined for growth curves of each individual well filled with medium at a certain 

combination of environmental factors. Only those conditions at which more than 50% of the 

wells showed growth were used to assess the time to detection. The mean of those time 

periods and their confidence intervals are presented in Figure 4.7. These results showed that 

globally the time to detection decreased when the combinations of environmental factors were 

less stringent. It was obvious that at 0% (w/w) acetic acid (Fig. 4.7A) a major increase in the 

time to detection was noticed at the transition from pH 5.6 to 5.4 (in the transition zone from 

growth to no growth) except for aw = 0.990 and aw = 0.985. From the data it was seen that at 

each aw there is an increase in time to detection as pH is lowered. For the high aw-values there 

is no abrupt increase at any pH, which corresponds with the higher growth probabilities. It 

was also seen from the results that in general the confidence interval of the individual time to 

detection became larger under more stringent conditions.  

In contrast with 0% (w/w) acetic acid, the major increase in the time to detection was 

observed at the transition from pH 5.8 to 5.6 (aw values of 0.979 to 0.985) if 0.2% (w/w) 

acetic acid was present (Fig. 4.7). It must be noted that only 0% or 6% growth was observed 

at aw < 0.979 and pH ≤ 5.6 (Fig. 4.2B). The same trend was seen at 0.4% (w/w) acetic acid, 

although the major increase in time to detection took place at the transition from pH 6 to 

pH 5.8. For example at aw 0.990 growth occurred after 15 days for pH 6 while for pH 5.8 

growth was noticed after 35 days. From these results it seems that the significant increase in 

the time to detection always takes place at conditions very near to the no growth region. 
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Figure 4.7: Time to detection of the monoculture as a function of aw; A: 0% (w/w) acetic acid 

and B: 0.2% (w/w) acetic acid.      pH 6,     pH 5.8,      pH 5.6,     pH 5.4,      pH 5.2 

and      pH 5.0. Error bars represent the 95% confidence interval  



Chapter 4 Influence of pH, water activity and acetic acid on G/NG of L. monocytogenes 125 

4.4  DISCUSSION 

From the screening experiments it was seen that some strains were more resistant to lower pH 

values than reported in the literature. Farber et al. (1992) and George et al. (1988) reported a 

minimum pH of 4.2 – 4.3 at 30°C, depending on the strain, while at 4°C, the minimum pH 

increased to 5.03. Tienungoon et al. (2000) reported similar values for pH resistance (4.23-

4.25, temperature not specified) for two L. monocytogenes strains. However, Petran and 

Zottola (1989) found that the minimum pH at 30°C was not lower than 4.5. Concerning the 

aw, Nolan et al. (1992) observed that the minimum aw for growth and survival of 

L. monocytogenes was 0.92, while the study of Koutsoumanis et al. (2004a) showed that the 

minimum aw for L. monocytogenes in a broth system (TSB) was 0.942. Ostling and Lindgren 

(1993) found that other L. monocytogenes strains were already inhibited at a concentration of 

6 mmol/l undissociated acetic acid (pH 5.3) in Nutrient Broth. This concentration corresponds 

to a total acetic acid concentration of 0.16% (w/v). It should be noted that comparing pHmin, 

aw,min and maximum acetic acid concentrations between different studies is not always straight 

forward as it may depend upon (i) the strains used, (ii) several environmental conditions, such 

as incubation temperature, used media, incubation time, and (iii) definition of ‘growth’ in the 

study. 

Data generation at 7°C showed that the pH limit allowing growth was much higher than what 

could have been expected from the screening experiments at 30°C. These differences will 

mainly be attributed to the lower temperature, the lower water activity, and a different growth 

medium compared with the screening experiments.  

All models fit on the present data sets could describe adequately the data and the gradual 

increase in growth probability which was observed at the growth/no growth interface. A more 

detailed study on the model development and on the features of the square root-type logistic 

regression model fit on the present data sets is published in Gysemans et al. (2007b) (partner 

in this research). Most authors (Tienungoon et al., 2000; McMeekin et al., 2002; 

Koutsoumanis et al., 2004a), however, describe the growth/no growth boundary as a straight 

cut-off for L. monocytogenes as well as for other microorganisms, e.g., Salmonella (Lanciotti 

et al., 2001; Koutsoumanis et al., 2004b), Escherichia coli (Presser et al., 1998; Salter et al., 

2000) and Brochothrix thermosphacta (Masana and Baranyi, 2000). The gradual transition 

that was found in our results can be explained by the fact that the intervals between the levels 
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in the full factorial design were quite narrow and by the higher number of replicates that were 

performed.  

Only the ordinary logistic regression models fit on these data sets are presented in this chapter 

as only this model-type is able to describe the reversed curvature encountered in the data set 

for mixed strain cultures. This growth/no growth interface, constructed out of the outer parts 

(i.e., lines at the most stringent conditions) of the separate interfaces of the strains, has a 

different curvature than the interfaces of the individual strains have. This explains the 

possibility of having a reversed curvature in a mixed strain culture. Salter et al. (2000), 

however, demonstrated that the general trend in data can be locally disturbed by a trend in the 

opposite direction. Consequently, it is also possible to encounter a reversed curvature for 

monoculture data if only a narrow range of environmental conditions are explored so that only 

the local disturbance is observed. The effect of biological variability and/or experimental 

errors on the curvature is for the present data sets anticipated to some extent. Outliers and 

anomalous data points were left out of the data set prior to model development. For the mixed 

strain cultures, however, data pre-processing did not alter the curvature. Another unexpected 

result was the lower growth probability for the mixed culture compared with the monoculture 

at some combination of intrinsic factors. As the five strains showed differences in resistance 

towards the three varying factors, it could have been expected that for the mixed cultures  

(i) the region between growth and no growth would be broader and (ii) growth would occur in 

more stringent conditions. It is, however, possible that the lower inoculation level (1/5 of the 

monoculture) is responsible for the fact that the strain did not grow enough to reach the 

detection limit in these more stringent conditions. 

The developed growth/no growth models described very well the observed trends in the data. 

The growth/no growth interface shifted to less stringent conditions for the remaining two 

factors if one of the conditions became more stressful. The largest effects were observed at 

the transition from pH 6 to pH 5.8, by changing the total acetic acid concentration. It was also 

observed that even a small concentration of acid (0.2 % (w/w) total acetic acid) was sufficient 

to drastically decrease the growth probability. The aw, however, had less influence on the 

growth/no growth interface in the examined region. A strong interacting effect was observed 

between the pH and acetic acid for the monoculture experiments while for the mixed culture 

experiments, interacting effects were observed between pH and acetic acid, on the one hand, 

and acetic acid and aw, on the other hand. 
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Determination of the time to detection showed that at 0% (w/w) acetic acid, a major increase 

took place at the transition from pH 5.6 to pH 5.4, while at 0.2% (w/w) the increase was 

situated at the transition from pH 5.8 to 5.6. The time to detection data revealed a significant 

increase in the transition zone near the ‘no growth region’. In general, the confidence interval 

on the mean of the individual time to detection became larger under more stringent 

conditions. This is probably due to a larger variation in the lag phases. In some wells a 

subpopulation of resistant cells can be selected upon which subsequent growth of populations 

will depend (McKellar et al., 2002). The considerable increase in variability in the time to 

detection was expected based on the knowledge that the variance of lag time is proportional to 

the square or the cube of the mean lag time (Ratkowsky, 2004; McKellar and Lu, 2004). 

4.5 CONCLUSIONS 

The screening of the L. monocytogenes strains revealed that most strains had similar acetic 

acid (0.4% (w/w)) resistance but differed more with respect to their pH and aw resistance. No 

significant differences were found between the clinical and food isolates in their resistance to 

these intrinsic factors. 

Data gathered in the media with combinations of environmental stress factors indicated a clear 

transition zone between the growth and no growth region. Taking numerous replicates and 

small intervals between environmental conditions showed that the growth/no growth interface 

changes gradually, even at high inoculation levels, which is in contrast with the results 

reported in the literature.  

In the context of product design, the largest benefit in assuring food safety can be obtained by 

lowering pH and increasing the acetic acid percentage (assuming aw of ± 0.985, realistic for 

this kind of product), although the sensorial properties of the products need also to be assured. 

However, as mayonnaise-based salads are mostly contaminated with low inoculation levels, it 

is possible that the present models overestimate the intrinsic factors needed to eliminate 

growth. This can be assumed because it is known that the growth/no growth boundary will 

shift to less stressful conditions if the inoculation level decreases. Therefore, a new growth/no 

growth model will be developed, incorporating the inoculation level as an explanatory 

variable (Chapter 5). 
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In Chapter 6 a thoroughly validation of the present model will be discussed. This validation 

will take into account strain variability, on the one hand, and the transferability of the present 

model made in laboratory media to real mayonnaise-based salads, on the other hand.  

Similar to the models presented in Chapter 2 and 3, the present model was also incorporated 

in the developed software package (Chapter 7) to increase the accessibility also for non-

scientists.  

 





 Chapter 5 

 
 
 
 
 
 
 
 

Influence of the inoculation level on the growth/no 
growth interface of Listeria monocytogenes as a 

function of pH, aw and acetic acid 
 
 
 
 

Redrafted from 

A. Vermeulen, K.P.M. Gysemans, K. Bernaerts, A.H. Geeraerd, J.F. Van Impe, 

J. Debevere, and F. Devlieghere,  

(2007) 

International Journal of Food Microbiology, Submitted for publication 

and 

K.P.M. Gysemans, A. Vermeulen, K. Bernaerts, A.H. Geeraerd, J. Debevere, 

F. Devlieghere and J. Van Impe 

(2007) 

International Journal of Food Microbiology, Submitted for publication  





Chapter 5 G/NG model for L. monocytogenes incorporating cell density as a variable 129 

Chapter 5  

Influence of the inoculation level on the growth/no 

growth interface of Listeria monocytogenes as a function 

of pH, aw and acetic acid 
 

 

 

Summary 
The study described in this chapter is an extension on the growth/no growth model for 

L. monocytogenes described in Chapter 4. The newly developed model includes the inoculum 

size (N) as an explanatory variable. To be able to incorporate cell density in the model, a lot 

of attention was paid to the data collection stage. Firstly, the amount of replicates as a 

function of the inoculum level was determined. This amount is always a compromise between 

what is practically feasible and what gives a low error on the growth probability and a low 

chance on false negatives. Secondly, a standardized inoculation procedure was assessed based 

on an established calibration curve between the logarithm of the optical density and the 

logarithm of the cell density. Twenty three consecutive ½ dilutions were performed in 

microtiter plates covering a range from approximately 2 x 105 CFU/well to 1 CFU/well. 

Microtiter plates were incubated at 7°C during 90 days. Growth was assessed by optical 

density measurements and for wells in which no increase in optical density was noticed, 

platings were performed. Obtained colony counts were compared with the inoculation level, 

estimated by a simulation model optimised for this particular dilution method. The 

combination of optical density measurements and platings was necessary to determine 

‘growth’ and ‘no growth’ for each medium, inoculation level and replicate.  
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The results indicated that twenty replicates were enough to perform the experiments with high 

inoculation level while forty replicates were necessary at the lower inoculation levels. Prior to 

the development of the model that incorporates N as an explanatory variable, transformations 

on N are needed to improve the equal weighing of the date points over the whole range of N. 

This was performed by a square root transformation on logarithmic transformed cell density 

data. After evaluation of three different model-types on the same data set (Gysemans et al., 

2007c), a linear square root-type logistic model was considered as the most appropriate 

because of its simplicity and its higher robustness towards anomalies. The models predict a 

strong influence of cell density with an increase in growth probability if the cell count 

increased. The onset of this increase is dependent on the intrinsic factors of the medium (pH, 

aw, and acetic acid concentration). The effects of the intrinsic factors were similar to those 

described by the model at high cell densities (Chapter 4).  
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5.1 INTRODUCTION 

Most of the growth/no growth models developed earlier are based on data gathered at high 

inoculation levels and in a small number of replicates (≤ 10 replicates) (Chapter 1). Food 

products, however, are often contaminated with few pathogenic cells, which may in some 

cases already be harmful. It is also known that the inoculation level influences the ability of a 

microbial population to initiate growth (Robinson et al., 1998; Parente et al., 1998; Masana 

and Baranyi, 2000) and, by consequence, it will influence the growth/no growth interface. 

Most studies indicate that the growth/no growth interface shifts to less stringent conditions at 

lower inoculation levels (Razavilar and Genigeorgis, 1998; Masana and Baranyi, 2000; 

Pascual et al., 2001; Robinson et al., 2001; Koutsoumanis and Sofos, 2005).  

In this chapter several aspects of developing a growth/no growth model incorporating the cell 

density are discussed: (i) design of growth/no growth experiments as a function of cell 

density, (ii) data generation and data processing, (iii) qualitative data discussion, and  

(iv) development of a growth/no growth model incorporating the cell density. As a case study, 

the growth probability of L. monocytogenes under conditions typical for mayonnaise-based 

salads is studied and modelled as an extension of the study described in Chapter 4. 

As for the previous developed growth/no growth models, a lot of attention was paid to the 

data collection procedure. It is of utmost importance to (i) precisely define and control the 

environmental conditions of the medium (e.g., pH, aw and acetic acid concentration), (ii) limit 

the intervals between the environmental conditions in the range where the growth/no growth 

interface can be expected, (iii) have sufficient replicates improving the ability to describe the 

gradual transition between the growth and no growth region (see Chapter 4) and (iv) define in 

an unambiguous way what is considered as ‘growth’ or as ‘no growth’. This latter is 

particularly important when techniques, such as OD, with high detection limits (± 6.7 log 

CFU/well) are used for the assessment of growth or no growth at low inoculation levels. An 

underestimation of growth probability can occur as a result of prolonged time needed by low 

inoculum to reach the detection limit under stressful conditions, hiding considerable growth 

that may have occurred. Compared with the study performed in Chapter 4, the experimental 

design and the growth assessment step were adapted to yield data as a function of cell density 

(including low inoculation levels).  
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Firstly, the amount of replicates as a function of the inoculum was determined to achieve a 

low error on p (probability of growth) and a low level of conditions wrongly classified as safe, 

while maintaining practical feasibility of experiments. Secondly, a standardized inoculation 

procedure was assessed based on an established calibration curve and a standardized dilution 

protocol. Thirdly, the growth probability was assessed for each medium and inoculation level 

by determining growth in each replicate. Growth was defined as an increase in optical density 

or as an increase in the cell density. For the latter the initial cell density in each dilution step 

and for each medium was estimated. For this purpose, a simulation protocol was developed by 

BioTeC, KULeuven (partners in this research), published in Vermeulen et al. (2007). Finally, 

the growth/no growth data were processed in order to prepare data for the development a 

growth/no growth model, comprising the inoculation level as a separate explanatory variable. 

The models were of logistic regression type, able to describe the growth/no growth interface 

as a transition in which the probability gradually changes. 

5.2 MATERIALS AND METHODS 

5.2.1 Preparation of different media 

Data were generated in media which supported growth at high inoculation levels (± 6.0 log 

CFU/ml) (see Chapter 4). An overview of the tested intrinsic factors is given in Figure 5.1. 

Media were prepared in the same way as described in Chapter 4 and were divided in 200µl 

aliquots over 96-wells-format microtiter plates (Roll s.a.s., Plove di Sacco, Italy). 

5.2.2 Inoculum preparation and inoculation procedure 

The reference stock of L. monocytogenes (strains 235, culture collection of LFMFP, UGent, 

Belguim) was kept at –75°C and the working stock was maintained on Tryptone Soya Agar 

slants (TSA, Oxoid) at 4°C. A working culture was prepared by subculturing twice in Nutrient 

Broth (NB, Oxoid) and incubating at 30°C for 24h.  

To standardize the inoculum, a calibration curve of log(optical density) versus log(cell count) 

was used (see also Appendix). This calibration curve was generated according to the protocol 

outlined by Francois et al. (2003). Briefly explained, a serial ½ dilutions of the culture were 

made in buffered NB (NB + 2.5 g/l Na2HPO4 (Sigma, Steinheim, Germany)). Both optical 

density (OD) and cell density (CFU/ml) were determined and a linear correlation was 
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established between log(OD) and log(CFU/ml). This calibration curve was used to establish 

the inoculum level to 7 log CFU/ml.  

 

A B 

 
 C 

 
Figure 5.1: Overview of the inoculated media (grey). A: 0% acetic acid, B: 0.2% acetic acid 

and C: 0.4% acetic acid 

 

After standardization, the inoculum was washed and resuspended in the appropriate medium, 

according to the washing procedure described in the Appendix. This procedure led to an 

average loss of 0.7 log CFU/ml resulting in an inoculum density of approximately 

6.3 log CFU/ml. For each medium, the exact inoculum concentration was accurately 

determined by fivefold plating on TSA. Next, the washed cells were inoculated in the first 

column of a microtiter plate (Roll s.a.s.) and 23 consecutive ½ dilutions were made yielding 

cell densities ranging from approximately 2 x 105 CFU/well to 1 CFU/well (Appendix). The 

dilutions were performed with the program MIXpipet of a digital multipipette (Finnpipet, 
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Boom NV/SA, Diegem, Belgium). The MIXpipet program comprises three steps which are 

repeated in each dilution: two mixing steps and one transfer step (Fig. 5.2).  

 

Figure 5.2: Working mechanism of the MIX-pipet programme of the digital multipipette 

(Finnpipet). An overview of the mixing and transfer parts in a dilution step (from 

well i to well (i+1)). Vres: residual volume  

 

During the transfer steps half of the cells are transferred from one well to the next well. The 

mixing steps ensure that the transferred cells are properly mixed with the contents of the well. 

In theory the MIXpipet program would result in a perfect ½ dilution. The dilutions in the 
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present study, however, yield cell densities that are higher than expected from a perfect  

½ dilution. This is presumably due to the visually observable residual volume that remains in 

the pipette after each release or blow out step and that is present as a disc above the volumes 

that are sucked up in the subsequent steps (see Fig. 5.2). The cell density in this residual 

volume becomes after the first dilution step, higher than the cell density in the sucked up 

volumes and mixes partly with the sucked up volumes resulting in imperfect ½ dilutions. 

Knowledge about this working mechanism was necessary to be able to estimate the initial cell 

count in each well together with the 95% confidence interval starting from the plating of the 

inoculum on TSA. Without these estimations, determination of growth was not possible in 

wells showing no increase in OD. This simulation protocol was developed by BioTeC 

(KULeuven) and more details about can be found in Vermeulen et al. (2007). 

5.2.3 Growth assessment  

The inoculated plates were incubated at refrigerated temperature (7°C) during 90 days. 

Optical density was measured at least once a week using VERSAmaxTM microplate reader 

(Molecular Devices, Sunnyvale, CA, USA) at a wavelength of 380 nm (Appendix). Growth 

was assessed on the basis of OD measurements for each well as described in the Appendix, 

providing accurate estimation of growth probability as a function of intrinsic factors and 

inoculum level. The content of the wells, in which no growth was indicated by OD 

measurements, were all plated on TSA (Oxoid) at the end of the incubation period. If the cell 

density was higher than the upper boundary of the 95% confidence interval around the 

estimated initial cell number, these wells were also considered as showing growth. The 

percentage of wells showing growth was calculated for each medium and each inoculation 

level (i.e., dilution step) taking into account the number of wells without cells occurring at 

very low inoculation levels. The percentage of wells without cells was also determined by the 

simulation model. 

5.2.4 Development of growth/no growth models 

As the cell density data are non-equidistantly spaced, an unequal weighing of data points 

would be obtained over the whole range of N. Therefore, a transformation of N was applied 

prior to the development of the growth/no growth model including cell density 

(N (CFU/well)). 
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After the data transformation, three different models were fit on the data set. Firstly, an 

ordinary logistic regression model considering the mathematical relationship between the 

intrinsic factors (aw, pH, and UAc) established for high inoculation levels (see Chapter 4) was 

used. In this case it is assumed that the structure of the model would also be valid for lower 

cell densities. The effect of cell density N was incorporated in this structure by adding main, 

quadratic and interactions terms of n  (with n the logarithmic transformation of N 

(CFU/well)) (Eq. 5.1). 
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with logit(p) = ln(p/(1 – p)), p the probability of growth (p ∈ [0,1]); aw, the water activity; 

UAc, the undissociated acetic acid concentration (% (w/w)), n the logarithmic transformation 

of N (CFU/well) and bi (i = 0,…,9) the linear parameters to be estimated. 

Secondly, an ordinary logistic regression without assuming any mathematical relationship 

between the intrinsic factors was used (Eq. 5.2). This polynomial contained main, quadratic, 

and interaction terms of aw, pH, UAc and n . The order of the polynomial is limited to a 

second order to avoid overfitting. 
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with logit(p) = ln(p/(1 – p)), p the probability of growth (p ∈ [0,1]); aw, the water activity; 

UAc, the undissociated acetic acid concentration (% (w/w)), n the logarithmic transformation 

of N (CFU/well) and bi (i = 0,…,14) the linear parameters to be estimated. 

Thirdly, a square root-type logistic regression model was used to which polynomial terms of 

n  were added to express the effect of cell density (Eq. 5.3). The cell density term could not 

have been derived from a square root-type kinetic model since a kinetic model describing the 

influence of N does not exist. 
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The above model expression contains linear-appearing parameters (i.e., bi = 0,…,8), and three 

nonlinear-appearing parameters, i.e., aw,min, pHmin and UAcmax, the minimum aw, pH and the 

maximum undissociated acid concentration, respectively. These nonlinear-appearing 

parameters are kept constant at 0.930, 4.1, and 0.09% (w/w), respectively, and only the linear-

appearing parameters are estimated. This was in analogy with the square-root type kinetic 

model developed by Gysemans et al. (2007b), on the data set for a high inoculation level 

(Chapter 4). In this latter study the influence of different (extreme) values for the nonlinear-

appearing parameters were compared. 

Parameter estimation was performed in the same way as described in Section 4.2.4.2 by using 

SAS®9.1.3. The development of the growth/no growth models was performed in close 

collaboration with BioTeC, KULeuven (partners in this research). 

All models were visualized in MATLAB®7.0 (The MathWorks, Inc, Natick, MA, USA) and 

were depicted as a function of the total acetic acid percentage instead of the undissociated 

acetic acid percentage because the former is more often used in practice. 

For all models, goodness-of-fit statistics and measures of predictive power were calculated in 

SAS®9.1.3. The same goodness-of-fit statistics as for the previous developed growth/no 

growth models were used, namely, -2 ln L, AIC, SC and Hosmer-Lemeshow statistic 

(Appendix). The predictive power of the models was measured in the same way as for the 

model at high inoculation levels (Chapter 4), namely via the percentage concordant/ 

discordant/tied, the c-value and the ROC (Appendix). 
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5.3 RESULTS 

The results of this chapter are subdivided as follows: Section 5.3.1 describes the 

determination of the amount of replicates necessary to obtain proper values of the growth 

probability; Section 5.3.2 gives a critical discussion on the methods of data generation 

(differences between OD measurements and plate counts); Section 5.3.3 gives an overview of 

the main results of the experiments, in particularly, the influence of the cell density on 

growth/no growth interface; and Section 5.3.4 describes the obtained growth/no growth model 

with the inoculation level as independent variable. 

5.3.1 Determination of the number of replicates 

Sufficient numbers of replicates are needed to obtain accurate values for the growth 

probability (p) at each combination of pH, aw, acetic acid, and inoculation level, tested. The 

beneficial effects of high numbers of replicates are described. Moreover, the procedure used 

to determine the number of replicates is outlined. 

Replicate growth/no growth determinations significantly lower the binomial error on the 

observed growth probability. The effect of replicates on the discrepancy between the observed 

and true growth probability can be illustrated through simulation. In Figure 5.3, for example, 

the observed growth probability (pobserved) and the probability of observing a certain growth 

probability (P) is depicted for four different numbers of replicates, namely r = 4, 20, 40 and 

100 given the true growth probabilities p = 5% and p = 10%. It is seen that at r = 4, the error 

is quite large. For p = 5%, experiments can yield a wide range of growth probabilities 

spanning from 0 to 50%. When r = 100, the observed growth probabilities are closer to the 

real one, ranging grosso modo from 0 to 12%. Note that in general increase in r decreases the 

error on p. Another, but related, advantage of increasing the number of replicates is that a 

condition is less often labelled as safe (i.e., no growth occurs at that condition) while growth 

is possible. For example, when p = 5% and r = 4, a condition is wrongly classified as safe in 

almost 80% of the cases. When r = 100, this number drops to approximately 0%. At lower 

growth probabilities more replicates are necessary to reduce the falsely labelled conditions to 

a similar amount. For example, when p = 5%, 40 replicates are needed to obtain a similar 

percentage of false negatives (i.e., 13%) as obtained with 20 replicates for p = 10%. 
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A: p = 5%, r = 4 B: p = 10%, r = 4 

  
 C: p = 5%, r = 20 D: p = 10%, r = 20 

  
 E: p = 5%, r = 40 F: p = 10%, r = 40 

  
 G: p = 5%, r = 100 H: p = 10%, r = 100 

  
Figure 5.3:  Binomial error on the probability of growth p for different number of 

replicates (r). P denotes the probability of observing a certain growth 

probability pobserved when the real probability is equal to p  
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On the basis of these findings and keeping the feasibility of the experimental design in mind, 

20 replicates were chosen for relatively high inoculum levels (from ca. 2 x 105 to ca. 1562 

CFU/well) and 40 for low inoculum levels (from ca. 1562 to 1 CFU/well). In the latter case, a 

higher number was selected because low growth probabilities (like p = 5%) were expected to 

be more likely at lower cell densities than at high cell densities (where p = 10% was assumed 

as lower limit on p). In total, the data set contained 47 808 data points. 

5.3.2 Data generation 

Figure 5.4 indicates the differences in growth probability between data gathered by OD 

measurements (A, C, E & G) and plate counts (B, D, F & H). For high inoculation levels 

(5.3 log CFU/well), it was seen that the differences in conditions at which growth was 

observed between the two techniques were limited (Fig. 5.4A-D). However, there were some 

conditions (e.g., pH 5.0) were growth was not detected by OD measurements although an 

increase in cell density was observed. This indicates that combining OD measurements with 

plate counts is also at this inoculation level worthwhile. At low inoculations (± 1 CFU/well), 

however, the differences between the growth/no growth interface based on OD measurements 

and based on OD measurements combined with plate counts were noticeable. This is 

illustrated by Figure 5.4 (E & G) for OD data and Figure 5.4 (F & H) for plate count data. At 

0% (w/w) acetic acid, 20 of 33 conditions were indicated as ‘no growth’ (based on OD) while 

growth still occurred (based on plate counts). The differences arise at conditions which can 

support growth, but where the cell density remains below the detection limit of optical density 

(± 6.7 log CFU/ml). 

Figure 5.4 indicates also that the growth/no growth interface will shift to less stringent 

environmental conditions for lower inoculation levels. This shift was considerable if data are 

compared based on OD-measurements, but was much smaller if growth was determined by 

plate counts (e.g., at 0% acetic acid (Fig. 5.4A, B, E and F)). 
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A B 

  
 C D  

  
 E F  

  
 G H 

  
Figure 5.4:  Overview of conditions which showed growth or no growth based on OD (left side) 

and plate counts (right side) for high inoculation levels (A-D) and low inoculation 

levels (E-H) at 0 (A ,B, E & F) and 0.2% (w/w) acetic acid (C, D, G & H). Data 

points: (+): p = 100%; (o): p = 0% and (Δ): p ∈ ]0%,100%[ with the measured 

percentage of growth indicated 
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5.3.3 Influence of inoculation level on growth probability 

To develop the growth/no growth model incorporating cell count as an explanatory variable, 

growth/no growth data based on OD measurements combined with plate counts were used.  

 

 A: 0% acetic acid, aw 0.967, pH 5.6 B: 0% acetic acid, aw 0.967, pH 5.2 

   
 
 C: 0.2% acetic acid, aw 0.967, pH 5.8 D: 0.2% acetic acid, aw 0.973, pH 5.6 

   
 
 E: 0.4% acetic acid, aw 0.973, pH 6.0 F: 0.4% acetic acid, aw 0.973, pH 5.8 

   
 
Figure 5.5:  Illustration of the effect of cell density on the growth probability at constant acetic 

acid concentration (% (w/w)), aw, and pH 
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At 0% (w/w) acetic acid, all conditions gave more than 90% growth probability for all 

inoculation levels tested, except at aw 0.967 and pH 5.2. At this condition a gradual decrease 

is noted from 90% growth probability (at the highest inoculation level) till 0% (at the lower 

inoculation levels) (Fig. 5.5B). At 0.2% (w/w) acetic acid (i) four media indicated more than 

90% growth for all inoculation levels, (ii) five media indicated no growth (0% growth 

probability) at any inoculation level and (iii) the other media indicated a decrease in growth 

probability by decreasing cell density. Note that this decrease was, in general, rather steep, 

implying that in about four consecutive ½ dilution steps the growth probability decreased 

from 100 till 0% (Fig. 5.5C & D). At the highest acetic acid concentration tested (0.4% 

(w/w)), none of the media indicated 100% growth over all inoculation levels. It was seen that 

at pH 6.0 the decrease in growth probability for lower inoculations levels was more gradual 

while at pH 5.8 this decrease was quite steep (Fig. 5.5E & F). 

5.3.4 Model development 

5.3.4.1 Data transformation 

Prior to the development of the growth/no growth model, a data pre-processing step is needed. 

As the cell density data are non-equidistantly spaced, an unequal weighing of data points over 

the whole range of N is obtained (Fig. 5.6A). This hampers the adequate modelling of the 

influence of the cell density. The non-equidistant spacing of N inherently evolves from the  

½ serial dilutions, which results in exponentially decreasing N as a function of the dilution 

step. Therefore, the logarithmic transformation was applied on all cell density data. The cell 

densities obtained by the present dilution protocol do, however, not precisely follow this 

exponential course, because pure ½ dilutions are hampered by the residual volume which 

remains in the pipette after each step in the dilution protocol (see Section 5.2.2 and Fig. 5.2). 

By consequence, the logarithmic transformation leads to cell densities that are still spaced 

further apart at increasing cell densities (Fig. 5.6B). To further improve the cell density 

distribution, an additional square root transformation was performed on logarithmic data. As 

this transformation decreases the logarithmic transformed cell density values in an unequal 

way (i.e., impact is the highest on the highest cell density values and decreases gradually with 

decreasing values), approximately equally distanced cell densities were obtained (Fig. 5.6C). 
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 A B 

0 50000 100000 150000 200000 250000 0 5 10 15
 

 N (CFU/well) n (ln(CFU/well)) 

  C 
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( )( )CFU/welllnn  

Figure 5.6: Distribution of the cell densities obtained with the developed isolation protocol (in 

this example starting from 2.1 · 105 CFU/ml) A: estimated cell densities by the 

simulation model. B: cell densities after a logarithmic transformation. C: cell 

densities after square root transformation of logarithmically transformed data 

 

5.3.4.2 Parameter estimation and comparison of the three model types 

Selection of the most significant terms and estimation of the parameters of (i) the ordinary 

logistic regression model based on the model for high cell densities (Chapter 4) (Eq. 5.1),  

(ii) the ordinary logistic regression model (Eq. 5.2), and (iii) the square root-type logistic 

regression model (Eq. 5.3), yields the models given in Tables 5.1 and 5.2. 
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Table 5.1: Parameter estimates and standard errors for the ordinary logistic regression 

models comprising the effect of cell density 

Ordinary logistic regression model 

Parameter1 Based on high cell density 

model (Eq. 5.1) 

Without a prior assumption 

for model structure (Eq. 5.2) 

Intercept -287.9 ± 12.2 -5157.5 ± 257.6 

aw 222.6 ± 8.5 9294.6 ± 536.1 

pH 22.18 ± 2.69 175.7 ± 15.7 

UAc -561.5 ± 13.2 -2370 ± 119.1 
2
wa  -2 -4385.6 ± 270.8 

pH² -1.43 ± 0.24 -7.62 ± 0.45 

UAc² - 8404.0 ± 325.1 

aw · pH - -86.12 ± 12.48 

pH · UAc - 276.9 ± 19.9 

n  14.79 ± 4.26 15.40 ± 4.25 

n 1.07 ± 0.05 1.30 ± 0.05 

n  · aw -14.40 ± 3.96 -15.53 ± 3.98 

n  · pH -0.84 ± 0.13 -0.82 ± 0.15 

n  · UAc 89.56 ± 5.50 52.96 ± 6.00 

1 Terms with P ≥ 0.001 were not selected 
2 -: Terms a priori not taken into account for the model development 

In general, the shape and position of the predicted growth/no growth interfaces of the three 

models are similar for the high inoculation levels (Fig. 5.7) as well as for the low inoculation 

levels (Fig. 5.8)). Under some conditions, however, the ordinary logistic regression model 

(Eq. 5.2) predicts another curvature in the growth/no growth interface as the other two 

models, which is due to the high flexibility of the ordinary logistic regression models 

(Fig. 5.7, last column (pH 5.8)). High flexibility of this models is caused by the incorporation 

of almost all model terms as a function of the independent variables (except aw · UAc 

(Table 5.1)). Whether the model overfits the data or describes a true trend should be further 

investigated by performing replicate experiments in the area where the models differ from 

each other.  
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Table 5.2: Parameter estimates and standard errors for the square root-type logistic 

regression models comprising the effect of cell density 

Parameter1 Square-root type logistic regression model (Eq. 5.3) 

Intercept 36.67 ± 0.54 

aw-term 8.39 ± 0.13 

pH-term 40.91 ± 0.96 

UAc-term 15.35 ± 0.28 

n  -3.93 ± 0.17 

n 1.21 ± 0.05 

n  · UAc-term -1.06 ± 0.12 

1 Terms with P ≥ 0.001 were not selected 
 
 
The performance statistics (Table 5.3) of the ordinary logistic regression model are slightly 

better than the statistics of the other two models, which is due to the locally different 

behaviour of the models. 

 
 
Table 5.3: Performance statistics of the ordinary and the square root-type logistic regression 

models comprising the effect of cell density 

Performance 

statistics 

Ordinary 

Based on high cell 

density model (Eq. 5.1) 

Ordinary 

(Eq. 5.2) 

Linear 

Square root-type 

(Eq. 5.3) 

-2 ln L 16131.817 15008.071 16323.589 

AIC 16151.817 15036.071 16337.589 

SC 16239.566 15158.920 16399.014 

Hosmer-

Lemeshow P 

< 0.0001 < 0.0001 < 0.0001 

c 0.980 0.982 0.980 

% concordant 98.0 98.1 79.9 

% discordant 2.0 1.8 2.0 

% tied 0.1 0.1 0.1 
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Note that the Hosmer-Lemeshow statistics indicate poor goodness-of-fits for all models. This 

low P is probably not caused by a bad performance of the models but can be due to batch-to-

batch variability (i.e., series of microtiter plates are inoculated on different days) causing 

biological and experimental variability in the data. Inconsistencies in the responses near the 

growth/no growth boundary were also observed by Ross and Dalgaard (2004) when data from 

several discrete experiments were combined. 

 

 

 

 

Figure 5.7: Cross section at constant inoculation level (± 5 · 104 CFU/well) as a function of aw, 

pH and acetic acid concentration. Upper row: ordinary logistic regression based on 

the high cell density data. Middle row: ordinary logistic regression. Lower row: 

square root-type logistic regression. Model predictions: p = 90% (      ) ; p = 50%  

(       ) and p = 10% (ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and (Δ): 

p ∈ ]0%,100%[ with the measured percentage of growth indicated 
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The observed trends regarding the growth/no growth interface are identical to the ones 

observed at high inoculation levels (Chapter 4) and can be summarised as follow: (i) the 

transition from growth to no growth evolves gradually, (ii) a strong combined effect of acetic 

acid and pH were observed, and (iii) aw has only a smaller influence on the growth/no growth 

interface. These findings were perceived at all cell densities (Fig. 5.9). 

 

 

 

 

Figure 5.8: Cross section at constant inoculation level (10 CFU/well) as a function of aw, pH 

and acetic acid concentration. Upper row: ordinary logistic regression based on the 

high cell density data. Middle row: ordinary logistic regression. Lower row: square 

root-type logistic regression. Model predictions: p = 90% (      ) ; p = 50%  (       ) 

and p = 10% (ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and (Δ): p ∈ 

]0%,100%[ with the measured percentage of growth indicated 
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Figure 5.9: Illustration of the strong effect of pH and acetic acid concentration and the smaller 

effect of aw on the growth/no growth interface at low inoculation level (± 10 

CFU/well) according to the square root-type logistic regression model. Left plots: 

shifts from 0 to 0.2% (w/w) acetic acid, middle plots: shifts from pH 6.0 to 5.8, 

right plots: shifts from aw 0.985 to 0.973. Model predictions: p = 90% (     ) ; 

p = 50% (       ) and p = 10% (ּּּ). Data points: (+): p = 100%; (o): p = 0% 

and (Δ): p ∈ ]0%,100%[ with the measured percentage of growth indicated 

 

All three models make similar predictions with respect to the influence of N on the growth 

probability. The models predict a large decrease in growth probability with decreasing N as 

described in Section 5.3.3. This decrease in growth probability at lower inoculation levels 

implies that the growth/no growth interface will shift to less stringent conditions at lower 

inoculation levels, which occurs in a gradual manner. As an illustration, cross sections at 

0.2% (w/w) acetic acid and different inoculation levels are represented in Figure 5.10 (the 

square root-type kinetic model was taken as an example).  
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 A: 5 x 104 CFU/well B: 104 CFU/well 

  
 C: 103 CFU/well D: 102 CFU/well 

  
 E: 10 CFU/well  

 
Figure 5.10: Illustration of the effect of cell density on the growth/no growth interface at 0.2% 

(w/w) acetic acid according to the square root-type logistic regression model that 

incorporates N. Model predictions: p= 90% (      ) ; p = 50%  (       ) and p = 10% 

(ּּּּּּ). Data points: (+): p = 100%; (o): p = 0% and (Δ): p ∈ ]0%,100%[ with the 

measured percentage of growth indicated 
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5.4 DISCUSSION 

Most of the published studies about growth/no growth models use a limited number of 

replicates (see Section 1.2.3.1) and report a growth/no growth interface that is usually abrupt. 

In Chapter 4, it was already demonstrated that a gradual transition zone between growth and 

no growth can be observed, if the intervals between environmental conditions are narrower 

and if the amount of replicates is increased. Particularly, the higher amount of replicates 

allows more accurate prediction of the growth probability. The selection of the number of 

replicates involves always a compromise between what is practically feasible and what gives 

a relative low error on the estimated growth probability and a low probability on false safe 

predictions.  

Based on the protocol of Standaert et al. (2005) simulating the ½ dilution protocol followed 

by Francois et al. (2003), an extension was made specifically for the program MIXpipet of a 

digital Finn multipipette. This protocol was used (i) to predict the cell density in each serial 

dilution, (ii) the 95% confidence interval on these estimates and (iii) the amount of wells 

without cells for each dilution step. The data were used to assess growth in each individual 

well which did not indicate an increase in optical density. The determined cell density in these 

wells was compared with the 95% upper limit of the estimated initial cell density to determine 

growth. 

For the development of growth/no growth models, it is important to define precisely what is 

classified as ‘growth’ or as ‘no growth’. The selected method has a significant impact on the 

growth/no growth interface. This can be illustrated by following examples; (i) If only OD 

measurements are considered, all conditions at low inoculation level which do support growth 

but not sufficient to reach the detection limit (within the investigated time frame) are 

considered as no growth. A growth/no growth model developed for these data would predict 

less stringent environmental conditions than actually necessary to exclude growth of the 

pathogen, if present in low amounts. (ii) If the limit for growth would be changed from the 

95% upper limit to, for example, 20 CFU/well (100 CFU/ml), which is equal to the amount of 

L. monocytogenes cells allowed in RTE-food by the EU-legislation (EU, 2005) on the 

moment of consumption, the growth/no growth interface would (most likely) shift to less 

stressful intrinsic factors. For very low inoculum levels (i.e., below 20 CFU/well), the cells 

need to have grown at least to 20 CFU/well to reach the limit for assigning growth. Hence, a 

growth/no growth model developed on these data would differ from the models developed in 
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this chapter and would predict less stressful conditions required to exclude growth, 

particularly for the very low inoculation levels.  

At high inoculation levels (± 5.3 log CFU/well), small differences between growth assessed 

by OD measurements and growth determined by plating were observed. These differences 

were only encountered at conditions within the transition zone defined for high cell density by 

the previously developed model (Chapter 4). The minor differences are due to the high 

inoculation level which is close to the detection limit. Therefore, it is important that for the 

development of growth/no growth models techniques are used which can determine growth in 

all conditions at which growth is possible. Note that this can not be achieved with techniques 

characterized by high detection limits if the goal is to determine a growth/no growth interface 

at low inoculation levels. The technique used in this research (OD measurements combined 

with plate counts) is, however, very labour intensive, particularly for low inoculation levels. 

Another technique applicable for lower inoculation levels is, for example, microscopy (Rash, 

2001). Advantages of this technique are that it does not have high detection limits and that it 

does not require calibration to CFU/ml. Impedance measurement is a technique which can 

also be used as an alternative method for OD measurements. It has the advantage to be 

independent of the state of the cells (shape and size) and does not take into account the 

inactivated cells (Chorianopoulos et al., 2006). The detection limit of impedance 

measurements is also lower (3 - 4 log CFU/ml) compared with OD measurements (± 6.5 log 

CFU/ml) (Felice et al., 1999). Main disadvantages of those two alternative techniques are that 

the time of analysis is much longer and that it is at the moment not possible to perform many 

simultaneous measurements needed to gather data for the development of a growth/no growth 

model. 

Combination of OD measurements and plate counts revealed that there is often a steep 

decrease in growth probability as a function of the inoculation level. The amount of 

inoculated cells at which this decrease takes place, depends on the environmental conditions. 

Earlier, it was observed that the required cell level to initiate growth increased from 1 cell in 

optimal conditions to 105 cells in 1.8 M NaCl (Robinson et al., 2001). At lower pH-values or 

increasing amount of inhibitory compounds, similar effects of inoculation level were observed 

(McClure et al., 1989; Razavilar and Genigeorgis, 1998; Koutsoumanis and Sofos, 2005). 

Koutsoumanis and Sofos (2005) found that the effect of inoculum size was higher in 

environments where a single inhibitory factor was present rather than in combination of 
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intrinsic stresses, applied at high temperatures (10 - 30°C). At low temperatures, however, a 

strong effect of inoculation level was observed for all aw and pH combinations. It was also 

seen that the growth/no growth interface shifted to less extreme conditions at lower amount of 

cells. However, it should be noted that (i) growth assessment was mostly based on 

OD measurements and only the wells closest to the no growth boundary were plated on TSA, 

(ii) the intervals between environmental conditions were broader and (iii) the experimental set 

up was limited to four replicates. This higher growth probability encountered at higher 

inoculation levels may be due to (i) the higher chance that a more resistant cell is present in a 

large population than within a smaller one, (ii) the higher chance to have a fast growing cell 

within the population, which can reach the detection limit within the period of analysis, or  

(iii) a critical number of cells that must be present to resist the applied stresses. This latter was 

also observed in the study of Gysemans et al. (2007c) who proved that the growth probability 

of a population could not be calculated from the growth of a single cell. 

In the present research stationary phase cells were used as it has been demonstrated that these 

cells are more resistant to stress conditions compared with cells in the exponential growth 

phase and that the inoculum level dependent growth can be influenced by the growth phase at 

which the cells are inoculated. Cells in the stationary phase compared to exponentially 

growing cells had a lower threshold for inoculum level dependent growth (Pascual et al., 

2001).  

5.5 CONCLUSIONS 

Results from this chapter indicate that the inoculation level has a major influence on the 

growth/no growth interface. To develop a growth/no growth model incorporating the cell 

density, a lot of attention must be paid to the data generation stage as the method used may 

have also an influence on the final result. 

The three different model-types tested gave similar results with respect to the effect of aw, pH, 

undissociated acetic acid, and inoculum level on the growth probability. After evaluation the 

square-root type logistic regression was preferred because of its simplicity and its higher 

robustness towards anomalies. Note that a double (logarithmic + square root) transformation 

of the inoculation level was necessary to adequately describe the influence of cell density on 

the growth probability. 
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In general, the growth/no growth boundary shifts to less stringent conditions at low 

inoculation levels, implying that a growth/no growth predictive model at high inoculation 

level can be considered as safe for the more realistic low amounts of cells. However, 

sometimes too high levels of microbial stresses can be advised, based on the existing 

growth/no growth models. 

Unlike the models developed in previous chapters, the model incorporating N as an 

explanatory variable is not yet included in the software package described in Chapter 7. The 

main reason is that this model describes only a relatively narrow range of environmental 

conditions compared to the model for high inoculation levels developed in Chapter 4. 

Therefore, further experiments should be performed to extent the current ‘Listeria 

monocytogenes model’ used in the software package towards a model incorporating the 

inoculation level as an extra input factor. 
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Chapter 6 

Performance of a growth/no growth model for 

L. monocytogenes developed for mayonnaise-based 

salads: influence of strain variability, food matrix, 

inoculation level and presence of sorbic and benzoic acid 

 

Summary 

The previously developed growth/no growth model for L. monocytogenes at high inoculation 

level (Chapter 4) was validated (i) for a variety of L. monocytogenes strains and (ii) in a 

laboratory-made mayonnaise-based surimi salad (as an example of a mayonnaise-based 

salad). To evaluate the growth/no growth model performance on the validation data, four 

quantitative criteria are determined: concordance index, % correct predictions, % fail-

dangerous, and % fail-safe. 

First, the growth probability of eleven L. monocytogenes strains, not used for model 

development, was assessed in nutrient broth under conditions within the interpolation region. 

Experimental results were compared with model predictions. Second, the growth/no growth 

model was assessed in a laboratory-made, sterile, mayonnaise-based surimi salad to identify a 

possible model completeness error related to the food matrix, making use of the above-

mentioned validation criteria. Finally, the effect on L. monocytogenes of common chemical 

preservatives (sorbic and benzoic acid) at different concentrations under conditions typical of 

mayonnaise-based salads was determined.  

The study showed that the growth and no growth zone were properly predicted and consistent 

for all L. monocytogenes strains. A larger prediction error was observed under conditions 

within the transition zone between growth and no growth. However, in all cases, the 

classification between no growth (p = 0) and any growth (p > 0) occurred properly, which is 

most important for the food industry, where outgrowth needs to be prevented in all instances. 
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The results in the sterile mayonnaise-based salad, showed again that the growth and no 

growth zone were well predicted but that also, in real food systems, a transition zone between 

growth and no growth exists. This became even more obvious for lower inoculation levels. 

The maximum-allowed concentration of benzoic and sorbic acid in mayonnaise-based salads 

according to the EU legislation, eliminated the growth of L. monocytogenes (EU, 1995). 

Concentrations of 600 ppm and 300 ppm were already sufficient to inhibit growth at 7 and 

4°C, respectively, under conditions associated with mayonnaise-based salads (pH 5.6;  

aw 0.985). 
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6.1 INTRODUCTION 

Safety of RTE mayonnaise-based salads relies predominantly on the refrigerated storage and 

the respect of the cold chain. However, high prevalence of the psychrotrophic pathogen 

L. monocytogenes in these foods implies the necessity of applications of additional 

preservation techniques within so-called combination technology. Several studies have shown 

the incidence of L. monocytogenes in 3 to 21% of different deli salads (Hartemink and 

Georgsson, 1991; McCarthy, 1997; Uyttendaele et al., 1999; Guerra et al., 2001; Gombas et 

al., 2003). In 2004, three Listeria incidences per one million people were reported in the 

United States (CDC-Centers for Disease Control and Prevention, 2006). In Europe, the 

European Food Safety Authority (EFSA, 2005) reported for the same year 1267 human cases 

of listeriosis of which 107 (8.4%) led to death. 

To produce safe mayonnaise-based salads, different preservation techniques can be used, e.g., 

lowering aw, pH or both, adding organic acid or chemical preservatives, such as sorbic or 

benzoic acid (Section 1.1.2). However, because of the consumer’s negative perception toward 

preservatives, some food producers aim at the production of stable and safe salads free of 

benzoic and sorbic acid. To guarantee safe products with good organoleptical characteristics, 

it is important to determine the combinations of the intrinsic and extrinsic factors which 

suppress the growth of food pathogens and give the best taste of the product. Application of 

predictive microbiology may provide clues about environment-pathogen interaction. For 

pathogens with a low infective dose, growth/no growth models are often preferred over 

kinetic models describing bacterial growth. It is obvious that even limited growth of such 

pathogens implies potential danger to public health (Ross and Dalgaard, 2004).  

The aim of the validation study described in this chapter was threefold: (i) evaluation of 

model robustness toward strain variability, (ii) validation of the model in real food systems by 

microbial challenge testing, in which the influence of inoculation level was also taken into 

account and (iii) assessment of the effect of chemical preservatives, which were not 

considered in the model development, on the growth probability of L. monocytogenes. To 

evaluate model robustness, the model was validated for eleven L. monocytogenes strains, not 

used in the model development. Validation data were gathered in the same way as for the 

model development under a limited number of medium conditions within the growth, no 

growth, or transition zone. To validate the differences between the developed model and real 

food systems, challenge tests were performed with a large number of replicates in laboratory-
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made, sterile, mayonnaise-based salads, with L. monocytogenes LFMFP 235. The influence of 

different inoculation levels in microbial challenge testing in mayonnaise-based salads was 

also assessed. To evaluate the performance of the growth/no growth model on the (small 

number of) validation data, a set of validation criteria was defined. In addition, the growth 

ability of L. monocytogenes was determined in broths, with different combinations of aw, pH 

and acetic acid, to which 750 ppm of sorbic and benzoic acid had been added; and for one 

specific combination of aw, pH and acetic acid concentration, the ability of L. monocytogenes 

to grow in a range of preservative concentrations was tested. 

6.2 MATERIALS AND METHODS 

6.2.1 Bacterial strains  

Eleven L. monocytogenes strains of different origin were selected (Table 6.1) to evaluate the 

validity of the previously developed model for high inoculation levels (Chapter 4), which was 

based on experiments with one L. monocytogenes strain (LFMFP 235).  

A reference stock of each strain was kept at –75°C, and a working stock was maintained on 

Tryptone Soya Agar slants (TSA, Oxoid, Basingstoke, UK) at 4°C. A fresh culture was 

prepared by subculturing the working stock in Nutrient Broth (NB, Oxoid) at 30°C for 24h. 

6.2.2 Validation of the model robustness 

Nine different media (Table 6.2), randomly chosen from the growth, no growth and transition 

zone, were prepared based on NB, in which 2.5 g/l Na2HPO4 (Sigma, Steinheim, Germany) 

was added to buffer the medium, as described in Chapter 4. The media were filter sterilized 

(∅ 0.2 µm, Nalge Nunc International, Rochester, USA) and 180 µl aliquots were distributed 

in 96-well format microtiter plates (Roll s.a.s., Plove di Sacco, Italy). 

All L. monocytogenes strains were subcultured consecutively in fresh NB and incubated at 

30°C for 24h. For each medium, the subculture was washed and resuspended in the 

appropriate medium, as described in the Appendix. Twenty microlitres of each of the 

inoculated media was brought into the corresponding wells of a microtiter plate, providing 

± 6.0 log CFU/ml per well. Twenty replicates were carried out for each medium, and the 

plates were incubated at 7°C.  
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Table 6.1:  Overview and origin of the used L. monocytogenes strains  

Strain number1 Origin 

034 Soft cheese 

235 Cooked meat products 

236 -2 

391 Human, clinical 

392 Meat (pâté) 

394 Cheese (semi-hard) 

447 Jalisco cheese 

501 Amnion 

511 Blood 

515 Udder 

570 Cerebrospinal fluid 

572 Fish 
1 All strains were obtained form the Laboratory of Food Microbiology and Food Preservation  

(LFMFP) culture collection 
2 Origin not known (own isolate) 

 

 

 

Growth was assessed on the basis of optical density measurements at 380 nm on the same 

way as for the model development (Appendix). At the end of the incubation, the purity of 

each culture in the wells in which growth occurred was checked by streaking the content onto 

TSA. Plates were inspected for the presence of single type colonies after 48h incubation at 

30°C. The percentage of all wells showing growth was calculated, yielding the probability of 

growth data, typical for logistic regression. 
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Model performance was evaluated by four numeric parameters, namely a c-value 

(concordance index), % correct predictions, % fail-safe and % fail-dangerous. The c-value is 

calculated as described in the Appendix. The other performance measures were defined 

according to the predicted and observed values as follows: (i) % correct predictions is the 

total percentage of replicates at which ‘growth’ was predicted and observed, on the one hand, 

and replicates at which ‘no growth’ was predicted and observed, on the other hand; (ii) % fail-

safe indicates the percentage of replicates at which ‘growth’ was predicted but ‘no growth’ 

was observed; and (iii) % fail-dangerous gives the percentage of replicates at which ‘no 

growth’ was predicted but ‘growth’ was observed. Table 6.3 demonstrates in detail how the 

different criteria were calculated.  

The percentage of growth for the validation data can take only some discrete values 

dependent on the number of replicates. Consequently, a comparison between the model 

predictions and the validation results is only fair for relatively high values of replicates (e.g., 

model prediction of 85% can be exactly 85% for a validation experiment with 20 replicates 

(increase per 5%) whereas it is rounded down to 80% in the case of 5 replicates (increase per 

20%)). This effect also influences the precision of the proposed criteria.  

Finally, the Pearson residuals were determined to evaluate under which combination of 

environmental conditions the most erratic results were noticed (Section 1.2.3.2).  

6.2.3 Challenge test in sterile mayonnaise-surimi salad 

Mayonnaise was prepared on a sterile way according to recipes of homemade mayonnaise 

(Leuschner and Boughtflower, 2001; McKellar et al., 2002). It consisted of 80% (w/w) 

sunflower oil (Vandemoortele, Izegem, Belgium), 6% (w/w) pasteurized egg yolk 

(Lodewyckx, Veerle-Laakdal, Belgium) and 14% (w/w) water phase (water, NaCl (Vel, 

Leuven, Belgium) and acetic acid (Vel)). For pH adjustment, 10 M NaOH (Vel) and 6.25 M 

HCl (Vel) was used. The composition of the water phase was dependent on the desired aw, 

pH, and acetic acid concentration of the final surimi-salad (Table 6.4). All ingredients were 

maintained at 7°C for 24h. Egg yolk was mixed with the water phase, and afterwards, 

sunflower oil was slowly added by constant mixing with a handheld blender (Braun 

Multiquick, MR5000M, Esplugues de Llobregat, Spain) at high speed. 
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Table 6.3: Illustrative examples for the determination of the introduced criteria for the 

validation of a growth/no growth model. 1 = growth and 0 = no growth (A: 20 

replicates and B: 5 replicates in validation experiment) 

A B 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

Surimi (Eén, GB) was purchased from a local shop and was stored at –20°C. On the day of 

inoculation, the surimi was thawed, cut with a Compacto Kitchen Cutter (Philips, Eindhoven, 

The Netherlands) and autoclaved 15 min at 121°C to eliminate present background flora. 

Afterwards the pH of surimi was adjusted to the desired pH of the mayonnaise based salad 

with HCl (6.25 M). Sterile surimi and mayonnaise were mixed in a 1:1 (w/w) ratio at the 

moment of inoculation as described below. 

The inoculum of L. monocytogenes 235 was subcultured consecutively in fresh NB (Oxoid) 

and incubated at 30°C for 24h. The inoculum was standardized to 7.5 log CFU/ml by OD 

measurements at 380 nm using VERSAmaxTM microplate reader (Molecular Devices), and 

Model Validation
85% 40%

1 1
1 1
1 0
1 0
0 0      correct = 1 replicate
c -value 0.750

% correct 60
% fail dangerous 0

% fail safe 40

     fail-safe = 2 replicate

5 replicates

     correct = 2 replicates

Model Validation
55% 75%

1 1
1 1
1 1
1 1
1 1
1 1      correct
1 1       = 11 replicates
1 1
1 1
1 1
1 1
0 1
0 1       fail-dangerous
0 1        = 4 replicates
0 1
0 0
0 0
0 0       correct 
0 0       = 5 replicates
0 0
c -value 0.778

% correct 80
% fail dangerous 20

% fail safe 0

20 replicates
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based on an established calibration curve (log OD as a function of log CFU/ml) (Appendix). 

The inoculum was serially diluted (tenfold dilution series) in Peptone Physiological Solution 

(PPS, 1 g/l neutralized bacteriological peptone (Oxoid) and 8.5 g/l (NaCl (Vel)) to reach the 

desired inoculation level (ranging from 2 to 6 log CFU/g of salad). A number of salads were 

inoculated at three different inoculation levels (2, 4 and 6 log CFU/g) to evaluate the 

influence of the inoculum size on the growth probability. 

 

Table 6.4: Predicted growth probability (%), observed growth probability (%) and criteria for 

model validation for strain 235 inoculated in a sterile mayonnaise-surimi salad 

Sample pH aw Acetic acid 

(% (w/w))1 

% growth 

predicted 

% growth 

observed 

1 6.0 0.982 0 100 1002 

2 5.4 0.982 0 97 1002 

3 6.0 0.982 0.2 100 1002 

4 5.4 0.982 0.2 11 02 

5 5.6 0.983 0.1 97 1003 

6 5.4 0.976 0.1 41 803 

7 5.6 0.976 0.1 91 1003 

8 5.5 0.976 0.0 97 1003 

c-value 0.763 

% correct 90 

% fail-dangerous 8.33 

% fail-safe 1.67 
1 % (w/w) acetic acid in the water phase of the mayonnaise based salad  

 (50% DM (dry matter)) 
2 Performed in five replicates 
3 Performed in ten replicates 

 

The salad samples consisted of 75 g of sterile surimi and 75 g of sterile mayonnaise. The 

sample preparation and inoculation were performed aseptically in repetitive steps  

((i) weighing of surimi, (ii) inoculation, (iii) weighing of mayonnaise, and (iv) mixing with a 

sterile pipette) to obtain a good distribution of the inoculum. Samples were incubated 
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aerobically at 7°C in sterile plastic containers, and growth was followed at least 40 days or 

until L. monocytogenes reached the stationary phase. 

On each day of analysis, L. monocytogenes was enumerated on Agar Listeria Ottaviani Agosti 

(ALOA, Biolife, Milan, Italy) supplemented with ALOA Enrichment selective supplement 

(Biolife). Approximately 15 g of salad was placed in stomacher bags, diluted ten times with 

PPS and homogenized. A tenfold serial dilution was made, and 100 µl of the appropriate 

dilution was spread plated on ALOA (Biolife) with a detection limit of 100 CFU/g. The plates 

were incubated at 30°C for 48h. Additionally, a possible background flora was checked, on 

the first day of analysis, by spread plating on TSA (Oxoid) and pour plating on deMan, 

Rogosa Sharpe agar (MRS, Oxoid) (both incubated at 30°C for 48h) for determination of the 

total aerobic count and lactic acid bacteria, respectively.  

The initial adjustments and the follow-up of the pH during challenge tests were performed 

with a Seven easy pH-meter (Mettler Toledo GmbH, Schwerzenbach, Switzerland) in 

triplicate. The aw of the samples was measured with an aw-kryometer (Typ AWK-20, NAGY 

Messysteme GmbH, Gaüfelden, Germany). 

6.2.4 Influence of chemical preservatives on the growth of L. monocytogenes 

Eighteen different media, with intrinsic conditions within the examined region of the 

growth/no growth model, were made, and, in total, 1500 ppm sorbic and benzoic acid was 

added in a 1:1 ratio (Table 6.5). Additional experiments were performed with one medium 

(pH 5.6, aw 0.985 and 0% (w/w) acetic acid) to which eight different concentrations of 

chemical preservatives were added (0, 150, 300, 600, 750, 1200 and 1500 ppm of sorbic and 

benzoic acid in a 1:1 ratio). All experiments were incubated at 7 and 4°C for 90 days. 

The experiments were performed in microtiter plates with 16 to 20 replicates. Culturing the 

strains, washing them, inoculating the microtiter plates, gathering the data, and assessing the 

growth were all performed in the same way as described for the validation of the model 

robustness (6.2.2 and Appendix). 
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6.3 RESULTS  

6.3.1 Validation of the growth/no growth model for different 

L. monocytogenes strains 

An overview of the growth probability of the strain originally used for model development, 

along with eleven other L. monocytogenes strains, tested in nine different media, is given in 

Table 6.2. These data indicate that the growth zone (represented by medium 3 and 5 (M3 and 

M5)), on the one hand, and the no growth zone (represented by M2 and M7), on the other 

hand, were very well described by the model. Within the transition zone, however, higher 

prediction errors were observed. As expected, validation for strain 235 gave (almost) the best 

correspondence with the model predictions. Only strain 570 gave a slightly better consistency 

with the model predictions. However, it should be noted that all eleven strains, different from 

the reference strain, had one more validation condition, which may lead to a higher c-value 

(Section 3.3.2.2; Gysemans et al., 2007b). Furthermore, results indicated strain 392 and 447 

as the more resistant ones to the lower pH values and strain 394, 236, 501, 511 and 572 as the 

more resistant to acetic acid in media comprising intrinsic factors corresponding to the 

transition zone (zone between growth and no growth, as defined in Chapter 4). Comparison of 

M4 with M5 indicated a marked impact of the pH decrease from pH 5.8 to 5.4 (aw of 0.985 

and 0.2% (w/w) acetic acid) on the growth probability of the L. monocytogenes tested strains. 

Comparison of M3 and M6 revealed the influence of acetic acid on the growth probability, 

indicating that even a small amount of acetic acid decreases the growth probability. 

The c-values and the % correct predictions for all the strains were at least 0.811 and 81.1, 

respectively. The reference strain had a c-value of 0.953 and had 95.6% correct predictions. 

This indicated that the model fit well for the other strains. Significantly better predictions 

were observed than random guessing (c = 0.5). Evaluation of other numeric parameters 

showed that for most strains the false predicted conditions were fail-dangerous rather than 

fail-safe. Often, this was due to the predominance of one medium, e.g., M8 for strain 394, 

236, 501, 511 and 572 and M4 for strain 392 and 447 (see the underlined values in Table 6.2). 

The latter is also shown by the Pearson residuals (Table 6.6). It should be noted that these two 

media are both situated in the transition zone close to the no growth region. Further validation 

experiments may be necessary to elucidate whether this is a systematically occurring 

phenomenon. 
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Table 6.5: Overview of media to which 1500 ppm chemical preservatives was added 

 
 

6.3.2 Challenge tests in a laboratory-made, sterile mayonnaise-surimi salad 

An overview of the tested intrinsic factors, the predicted growth probability, and the observed 

growth probability of strain 235 in the different sterile mayonnaise-surimi salads is given in 

Table 6.4. Although in the transition zone slightly different percentages were obtained, the 

chances of growth in media under conditions within the growth zone were correctly predicted 

(90% correct predictions). It should, however, be noted that the wrong predictions are fail-

dangerous rather than fail-safe (Table 6.4). The smaller c-value that was obtained in this 

validation experiment was especially due to the lower number of replicates. Additional tests 

under conditions close to the transition zone and in the no growth zone should be performed 

to validate the model for industrial use. 

pH aw Acetic acid (% (w/w)) 

5.2 0.9839 0 

5.4 0.9837 0 

5.6 0.9837 0 

5 0.9780 0 

5.2 0.9779 0 

5.6 0.9780 0 

5.2 0.9743 0 

5.4 0.9745 0 

5.6 0.9737 0 

5.8 0.9844 0.2 

5.6 0.9840 0.2 

5.4 0.9847 0.2 

5.8 0.9784 0.2 

5.6 0.9793 0.2 

5.8 0.9849 0.4 

5.8 0.9704 0.4 

6 0.9851 0.4 

6 0.9893 0 
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Table 6.6:  Overview of the Pearson residuals  

 

 
Four salads (1 to 4) that were inoculated at three different inoculum levels (2, 4 and 

6 log CFU/g of salad) showed only a limited influence of the inoculation level on the average 

duration of the lag phase or growth rate.  

Figure 6.1 reveals a noticeable inhibitory effect of small concentrations of acetic acid (0.2% 

(w/w) in the water phase) on the growth of L. monocytogenes. Experimental results are in 

agreement with predictions of the previously published model for high inoculation levels 

(Chapter 4). Under the most stringent conditions (pH 5.4 and 0.2% (w/w) acetic acid), 

inactivation of L. monocytogenes was observed after 45 days of incubation. 

Although only a limited influence of inoculation level was found on the average lag phase 

duration, Figure 6.2 illustrates that difference between the replicates could be noticed in 

salads with the lowest inoculation level under stressful intrinsic factors. At the lowest 

inoculation level (approximately 2 log CFU/g salad), the differences in lag phase were 

approximately 27 days (Fig. 6.2B). For the higher inoculation levels (> 4 log CFU/g salad), 

no differences were observed between the replicates (Fig. 6.2A).  

Medium Strain number 

 235 034 236 391 392 394 447 501 511 515 570 572 

M1 1.95 1.95 1.95 1.95 1.95 -0.49 1.95 0.12 0.12 0.12 0.12 1.95 

M2 0.52 -0.79 -0.79 -0.79 -0.79 -0.79 -0.79 -0.79 -0.79 -0.79 0.52 -0.79

M3 0.45 0.45 0.45 0.45 0.45 -1.80 0.45 -6.29 -1.80 -4.05 -1.80 0.45 

M4 ND 0.68 -0.46 -2.17 8.09 -1.03 7.52 -1.03 1.82 -2.17 -2.17 2.96 

M5 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 -8.45 0.45 0.45 0.45 

M6 0 1.37 1.83 0.91 0.91 -1.83 0.91 3.65 3.65 3.65 0 3.65 

M7 0 0 0 0 0 0 0 0 0 0 0 0 

M8 -1.65 1.79 8.67 -1.65 0.41 9.36 -1.65 9.36 8.67 5.92 0.28 7.98 

M9 1.57 1.57 -0.57 1.57 1.57 -4.86 1.57 1.57 1.57 1.57 -0.57 1.57 
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Figure 6.3 illustrates the results from ten replicates with a lower inoculum level 

(approximately 3 log CFU/g). These results indicate that under some stressful conditions part 

of the replicates showed growth, while in other ones, no growth was observed. This illustrates 

that also in real food systems a transition zone between growth and no growth appears and 

that the differences between the replicates increase at low inoculation levels and for more 

stressful conditions. 

6.3.3 Influence of chemical preservatives on the growth of L. monocytogenes 

No growth was observed in any of the tested media containing the maximum allowed 

concentration of chemical preservatives (1500 ppm of sorbic and benzoic acid (Table 6.5)). 

The medium that was inoculated with lower concentrations of preservatives showed that 

600 ppm was sufficient for complete inhibition of the growth of L. monocytogenes at 7°C, 

while 300 ppm was sufficient at 4°C (Table 6.7). 

 

Table 6.7: Time to detection of L. monocytogenes as a function of the concentration of 

chemical preservatives 

 Time to detection (d) 

Concentration1 7°C  4°C 

0 6.8 16.6 

150 14.2 54.9 

300 31.9 -2 

600 - - 

750 - - 

1200 - - 

1500 - - 
1 Concentration of total sorbic and benzoic acid. Added in a 1:1 ratio 
2-: No growth was detected within 90 days 
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Figure 6.2:  Influence of the inoculation level on the differences in lag phase between five 

replicates in a surimi salad with pH 6, aw 0.982 and 0.2% (w/w) acetic acid. A: 6 log 

CFU/g and B: 2 log CFU/g 
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Figure 6.3: Illustration of the transition zone between growth and no growth in a real food 

system. Growth in surimi salad with pH 5.4, aw 0.976 and 0.1% (w/w) acetic acid 
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6.4 DISCUSSION 

Models, often developed on the basis of data obtained in laboratory media, must be 

profoundly validated to ensure that the model predictions are realistic for food systems. For 

growth models, different techniques are known, e.g., graphic comparison, mean square error, 

regression coefficient, bias and accuracy factors (Te Giffel and Zwietering, 1999). For clinical 

trials, with a sizeable amount of data available, validation tests for logistic regression models 

are already in use (Miller et al., 1991; Miller et al., 1993; Altman and Royston, 2000; Zheng 

and Agresti, 2000). To our knowledge, until now, these techniques have not been used for 

growth/no growth models with a limited number of data.  

In this chapter three different approaches are suggested to validate the L. monocytogenes 

growth/no growth model developed under conditions typical for mayonnaise-based salads 

(Chapter 4): (i) validation on the basis of twelve different L. monocytogenes strains in media, 

(ii) validation in a sterile mayonnaise-based salad to evaluate the effect of the food matrix, 

and (iii) determination of growth probabilities of L. monocytogenes in media with chemical 

preservatives in order to mimic commercial salads. 

The growth probability data of twelve different strains showed that the previously reported 

growth and no growth zone (Chapter 4) are well defined and consistent for all strains. The 

strong effect of pH and acetic acid, which was again observed, has been thoroughly discussed 

in Chapter 4. Nevertheless, in the transition zone the variability between the different strains 

increased. Note that absolute deviations between the predicted probability of growth and the 

observed probability of growth in the growth/no growth transition zone are of less importance 

in industrial practice, because any growth of the pathogen must be avoided.  

For growth/no growth models, the c-value is most of the time higher than 0.95. The lower 

values obtained in the present study, however, are a result of the limited number of data. It is 

known that the c-value of a model will be higher for data sets where conditions that clearly 

exhibit growth or no growth are included, compared with a data set without these conditions. 

Nevertheless, the c-values of the different strains can be compared with each other because 

they are based on the same data set (except for strain 235). The numeric parameters (c-value, 

% correct predictions, % fail-safe, % fail-dangerous) that were used to describe the robustness 

of the growth/no growth model were, to the authors’ knowledge, for the first time used for the 

validation of this kind of model, with a limited number of data. These criteria are quantitative 
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measures to evaluate the performance of the growth/no growth model. However, no threshold 

values for these criteria are yet established. The criteria showed that the model predicted very 

well the growth probability of the reference strain (LFMFP 235) and that, for the other strains, 

the chance of growth was adequately predicted. From the Pearson residuals, it can be 

concluded that the predictive error can be attributed to one or two media within the transition 

zone. This kind of validation experiment illustrated the performance of the model for several 

L. monocytogenes strains but does not take into account food specific characteristics such as 

structure, presence of preservatives, etc. 

The validation in the sterile mayonnaise-surimi salad was performed to evaluate the effect of 

the food matrix, which was not taken into account for the model development. Next to the 

structure, mayonnaise-based salads have some typical gradients, which originate from the 

mixing of the two major components. On the one side, the mayonnaise, with acetic acid and 

low pH, and on the other side, the taste carrier, a generic term for fish, meat vegetables, or the 

like, added to the mayonnaise (Hwang and Tamplin, 2005). Mayonnaise with pH < 4.1 and an 

acetic acid concentration higher than 0.25% can be seen as a safe product regarding growth 

limitations of  Staphylococci, Salmonella ssp. and Clostridium sp. (Smittle, 1977). It has been 

demonstrated that L. monocytogenes is already inactivated in mayonnaise at pH < 4.5 (acetic 

acid concentration not specified) (Hwang and Tamplin, 2005). The taste carrier, however, can 

be contaminated with L. monocytogenes and is most of the time microbiologically unstable 

(Rawles et al., 1995; Farber et al., 2000; Hwang, 2005; Hwang and Tamplin, 2005). Next to 

this gradient in the microbial load, a pH-gradient between mayonnaise (low pH) and taste 

carrier (neutral pH) also exists in commercial salads. Lowering the pH of mayonnaise 

imposes no significant influence on the final pH of the salad, leading to higher pH values than 

those encountered in commercial salads and, consequently, to the growth of 

L. monocytogenes (Hwang and Tamplin, 2005). Other components (e.g. glucono-delta-

lactone) are often added to commercial salads to have pH values within the range of the 

developed model. To be able to have a proper model validation, pH gradients were eliminated 

in this study with pH-adapted surimi and mayonnaise. The validation in the salad showed that 

conditions within the growth and the no growth zone were, in general, predicted correctly by 

the growth/no growth model. This could also be deduced from the established criteria  

(c-value, % correct predictions, % fail-safe, and % fail-dangerous). However, over- and 

underprediction of the growth probability were occasionally observed in the transition zone. 

Also, it has to be noted that, from an industrial point of view the absolute concordance of 
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predictions in the transition zone is of less importance, as a probability of 80% of growth 

(observed growth), as in sample 6, is as equally unacceptable as a probability of 40% of 

growth (predicted growth).  

For food companies, the no growth zone is more important. The target of producers will be at 

0% growth in their food products, as detection of more than 100 CFU/g of L. monocytogenes 

in one package will lead to a recall of all packages from the same batch, which can lead to a 

big economic loss (EU, 2005). The observed differences between the model predictions and 

the validation experiments can be attributed to (i) the lower amounts of replicates (≤ 10 versus 

20) in the validation experiments, and (ii) the effect of structure in the salad.  

The differences in lag phases between the replicates and the existence of a growth/no growth 

transition zone in a real food system indicate that certain precautions must be taken into 

account for challenge tests. It was proven that more differences in the outcome of challenge 

tests can be expected when they are performed with inoculation levels that are too low. This is 

because of the lower probability that a sample contains at least one of the fast growing cells 

that account for virtually all the growth in a sample with a high inoculum. It is recommended 

by Francois et al. (2006) to use an inoculum of at least 1000 cells/sample (1.8 log CFU/g for a 

sample of 15g) to minimize this variability in food products characterized by stressful 

environmental conditions. It was seen in the present study that for a salad with pH 6, aw 0.982 

and 0.2% (w/w) acetic acid, an inoculation level of approximately 4.8 x 103 cells/sample  

(1.5 log CFU/g for a sample of 150g) resulted in a large variation in lag phase. This variation 

disappeared at higher inoculation levels (3.7 and 5.9 log CFU/g). Under even more stressful 

conditions (pH 5.4, aw 0.976 and 0.1% (w/w) acetic acid) an inoculation level of 

approximately 104 cells/sample (1.8 log CFU/g) still showed a large variation in lag phase, 

and there were even replicates that did not grow during the complete incubation period. It 

should, however, be noted that all the experiments were performed with non stress-adapted 

cells, like in the model development, and that it may be that different lag phases would have 

occurred if stress-adaptive cells had been used. The results prove that a reconsideration of the 

inoculation levels, which are needed for reliable challenge tests, is necessary. According to 

the protocol of AFSSA (2005), a maximum inoculation level of 100 CFU/g was set, because 

higher levels would be unrealistic. However, this level may be too low, especially for food 

products under stressful environmental conditions, such as deli salads and sauces. It should be 

noted that challenge tests, performed at high inoculation levels, are often not representative 
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for the real situation and may underestimate the effect of competing background flora as 

elaborated upon by Miconnet et al. (2005). Another possibility, if inoculation with low levels 

is necessary, can be the increase in the amount of replicates. This, however, becomes labour 

intensive and expensive which makes it not feasible for smaller food companies.  

Commercial salads are most of the time characterized with pH < 5.6, aw < 0.988 and 

> 0.1% (w/w) acetic acid, which classify them in category 1.2 (of risk products) in the latest 

EU legislation (EU, 2005). This implies that presence of L. monocytogenes is allowed, if it 

can be proved that the pathogen will not grow until cell counts higher than 100 CFU/g during 

the shelf-life. On the basis of these deterministic (worst-case) conditions for the salad, the 

growth/no growth model for high cell densities (Chapter 4) predicts that these salads can still 

support the growth of L. monocytogenes. However, commercial salads also contain chemical 

preservatives such as sorbic and benzoic acid. According to the EU-legislation, a total amount 

of 1500 ppm of these acids is allowed in a mayonnaise-based salad. These concentrations of 

preservatives will inhibit the growth of L. monocytogenes under the conditions present in 

mayonnaise-based salads. As a consequence, no growth of the pathogen can be expected in 

these salads. However, it should be noted that a part of this amount can get lost during 

preparation and shelf-life of the product, due to evaporation and interaction with the fat 

fraction of the food, for example. Besides, if the food industry aims to produce mayonnaise-

based salads free of chemical preservatives, the developed growth/no growth model can be a 

useful tool.  

Results presented in this chapter suggest that in commercial salads (with presence of sorbic 

and benzoic acid), no growth of L. monocytogenes is possible. If challenge tests for these 

products are performed at high inoculation levels and ‘no growth’ is proved, there will be no 

growth for the realistic low inoculations as well. The underestimation of the background flora 

will also not alter the result in the case of ‘no growth’. 

6.5 CONCLUSIONS 

The model for high inoculation levels, which was developed earlier in a broth system 

(Chapter 4) was validated for the prediction of the growth probability in a mayonnaise-based 

salad. This validation was performed on the basis of four introduced criteria: c-value,  

% correct predicted, % fail-safe and % fail-dangerous. Comparison with eleven other strains 
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showed that the observed and predicted probability was similar, except for some 

environmental conditions in or close to the transition zone, between growth and no growth.  

The challenge tests performed in laboratory-made, sterile, mayonnaise-based salads also 

indicated that the model predictions are reliable, despite not taking into account the effect of 

the food matrix during the model development. From a food safety point of view, it can be 

assumed that salads without chemical preservatives are safe if the pH is low enough and a 

small amount of acetic acid is present, as growth of L. monocytogenes, the major pathogen of 

concern, will be inhibited. However, it should be noted that spoilage microorganisms, such as 

yeasts and lactic acid bacteria may still be able to grow in these salads, leading to an 

economical loss.  

The study showed also that the inoculation level in challenge tests for food products under 

stressful conditions must be high enough to facilitate better standardization and repeatability 

of microbial challenge tests outcomes. This must be taken into account in the protocol 

development for reliable microbial challenge testing. 

According to the EU-legislation, the legally allowed amount of sorbic and benzoic acid 

(1500 ppm, in total) proved to be enough to inhibit the growth of L. monocytogenes in a 

mayonnaise-based salad, but even a lower concentration of 600 ppm and 300 ppm will be 

enough to reach the same inhibiting effect, at 7 and 4°C, respectively, in a mayonnaise based 

salad with pH 5.6 and aw 0.985. 

After model development and model validation, the following step for the implementation of 

a model is the incorporation of it in a software tool. This makes the models easier to access 

also for non scientists, such as food producers. The development of such a software tool is 

described in Chapter 7. 
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Summary 

This chapter introduces a newly developed software tool (tertiary model) which incorporates 

the models for microbial stability of acidified sauces and safety of mayonnaise-based salads 

developed in previous chapters. The development of this tool was performed in completion of 

the research presented in this PhD thesis and creates a basis for a transfer from the scientific 

knowledge to a broader public.  

As predictive models do not include all variables present in the real food products (e.g., 

background flora, food matrix, etc.), under- and over-predictions may occur. Therefore, it is 

advised to use predictive models as an indication or as a trend guide in order to understand 

how microbial behaviour will be influenced by changing environmental conditions. Limited 

validation by challenge tests in the real food product will always remain necessary. Besides, it 

should be noted that the interpretation of model predictions must be performed with caution 

and that the expertise of a food microbiologist will remain essential. 
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7.1 INTRODUCTION 

Safety and stability of food products is traditionally established by challenge test and storage 

experiments. These tests are in general expensive, very labour intensive and time consuming. 

Besides, because of the increasing diversity of foods on the market, performing challenge 

tests for each of these products becomes more difficult. An alternative method to estimate the 

safety and stability of different products can be found in predictive microbiology. This 

distinct discipline within food microbiology has gained a lot of interests last decades. A 

significant increase in the amount of models, able to describe mathematically the microbial 

behaviour, occurred. Nowadays, predictive microbiology is, next to scientific literature, also 

legally accepted as a tool to prove the compliance with the criteria established by the 

authority, for example, for L. monocytogenes in RTE-products (EU, 2005). A prerequisite for 

further acceptance of predictive modelling is the transfer of the scientific knowledge to a 

broader public by e.g. the development of user-friendly software packages.  

A lot of the data gathered by several research groups are collected in databases and based on 

these databases different software packages (tertiary models) are developed. The evolution to 

the development of these user-friendly software packages is indispensable to enlarge the 

group of users and more specific to make the knowledge more accessible for food producers, 

regulatory agencies and scientists. 

Predictive models are often classified as primary, secondary and tertiary models. Primary 

models describe changes in microbial counts with time. Secondary models describe the 

responses by the parameters of primary models to changes in environmental conditions such 

as temperature, pH, atmosphere, aw, etc. Tertiary models are than user-friendly software 

programs, combining primary and secondary models, that calculate microbial counts to 

changing environmental conditions. Those programs allow comparing the effect of different 

environmental conditions on the behaviour of one microorganism and/or comparing several 

microorganisms under the same combination of environmental conditions. The applications of 

predictive models are diverse (i) in Hazard Analysis, Critical Control Point programs 

(HACCP), (ii) for risk assessment, (iii) in product development, (iv) for shelf-life studies and 

(v) as an educational tool (McDonald and Sun, 1999).  

Advantages of using predictive models are the savings of money and time by reducing 

laboratory work. A model can be used as a guide to design challenge tests and storage 
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experiments. It can also avoid that irrelevant tests would be performed by determining first 

the growth chances based on the intrinsic and extrinsic factors of the product. It should be 

noted that predictive models also have several disadvantages: (i) often only one 

microorganism is taken into account, (ii) models are only valid within the range of data 

generation, and (iii) the combination of environmental conditions is limited. This latter 

implies that if additional inhibitory factors are present in the food, predictions must be 

interpreted with caution. For example, some models developed in food may include the effect 

of the ‘normal’ background flora, but how this flora may change in species and number with 

season is mostly unknown. Another important limitation of predictive models is the unknown 

variations around the calculated value. Particularly in stressful conditions variations between 

replicates can be large. It should be noted that some of these disadvantages are also 

encountered in challenge tests, e.g., the seasonal variation and the increasing variability in the 

lag phases and growth rates for products characterised with stressful environmental 

conditions. This latter can be deduced from the results in Chapter 6 for the challenge tests 

with L. monocytogenes in surimi salad. 

This chapter aims at giving an overview of the most important tertiary models free or 

commercially available together with their latest features, on the one hand, and the 

introduction of the self-developed Sauce-Salad model incorporating the growth/no growth 

models described in previous chapters, on the other hand. 

7.2 OVERVIEW OF AVAILABLE TERTIARY MODELS 

Two different types of tertiary models can be distinguished: (i) the more common 

microorganism-oriented models (choice on the basis of the microorganism) and the product-

oriented models. The advantage of a product-oriented tertiary model is that the used 

combinations of environmental factors are typical for a kind of product. The disadvantage is, 

however, the more limited utility of these models. 

Pathogen modelling program (PMP), developed by the USDA describes the behaviour of 

different pathogens as a function of environmental conditions. Recently, PMP has changed 

from a stand-alone version to an on-line version which can be consulted for free 

(http://pmp.arserrc.gov/PMPOnline.aspx). The newly developed on-line version is, however, 

less extended as the stand-alone version, which can be downloaded for free at 

http://www.ars.usda.gov/services/software/download. PMP contains growth, inactivation, 
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survival, cooling and irradiation models. Most of these models are microorganisms-oriented 

but some are typical for certain food products, e.g., Salmonella in chicken breast, 

Cl. botulinum toxin production in fish, etc. 

The ComBase Initiative started in 2003 by the collaboration between the Food Standard 

Agency and the Institute of Food Research, UK; and the USDA Agriculture Research Service 

and its Eastern Regional Research Centre, USA. In 2006, the Australian Food Safety Centre 

of Excellence joined the ComBase Consortium. ComBase started as a free web-based 

database of food microbiology data. This database is still available and is known as the 

ComBase Browser. Later, the ComBase database was supplemented with predictive packages 

(ComBase Predictor, Perfringens Predictor and DMFit). ComBase Predictor is a tertiary 

model which is microorganism-oriented and comprises a set of twenty growth models, seven 

thermal death models and two non-thermal survival models. The software allows the end-user 

to compare simultaneously the behaviour of different microorganisms under the same 

environmental conditions and/or the same microorganism under different environmental 

conditions. The Perfringens Predictor is product-oriented and describes the growth of 

Cl. perfringens in bulked meat during cooling for products where the maximum heating 

temperature is 70-95°C. DMFit is actually not a tertiary model as such as it does not predict 

microbial changes but it can be used to fit different primary models on user-specific data. The 

models can be consulted for free at www.combase.cc  

Sym’Previus is a French initiative combining a large database of experimental research with 

a powerful simulation program. It contains data of growth and survival curves of pathogens as 

well as of spoilage microorganisms. Sym’Previus is, however, a commercial software 

package. More specific information can be found on www.symprevius.net. 

The seafood spoilage and safety predictor (SSSP) is a product-oriented software package, 

specific for fresh and lightly preserved seafoods. It includes models to predict the shelf-life by 

the relative rate of spoilage as well as growth models for specific spoilage organisms and for 

L. monocytogenes. Predictions are possible at constant storage temperature and for 

temperature profiles from e.g., data loggers. There is also a model available which can predict 

simultaneously growth of L. monocytogenes and spoilage bacteria in cold smoked salmon. 

The software can be downloaded for free or used as a simple on-line version at 

www.difres.dk/micro/sssp. Key features of SSSP are the different types of shelf-life models in 

one software package, on the one hand, and the flexible time-temperature integration 
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facilities, on the other hand. In a new version which will be available in the near future two 

extra topics will be handled: (i) histamine formation in chilled seafood by Morganella 

psychrotolerans, and (ii) a growth/no growth model for L. monocytogenes (Dalgaard et al., 

2007). 

7.3 SAUCE-SALAD MODEL DEVELOPMENT 

As most available tertiary models are microorganism-oriented, an attempt was made to 

develop a software package specific for two product categories, namely sauces and 

mayonnaise-based salads. The development of this tertiary model forms the integration of all 

models developed in previous chapters in a user-friendly software package. The developed 

Sauce-Salad model makes it possible for food producers, regulatory agencies and others to 

predict the chance of growth for specific spoilage organisms in sauces and for 

L. monocytogenes in mayonnaise-based salads, based on some intrinsic factors of the product.  

To construct this software package the MATLAB® Graphical User Interface (GUI) was used. 

With this MATLAB® tool an interface can be programmed on the basis of the Matlab 

Technical Program language Matlab 7.3.0 (The Mathworks Inc., Natick, MA, USA). 

7.3.1 Structure of the software 

Starting the program will give an introduction page which gives a small overview of the 

different models included in the program together with the products and conditions for which 

they can be used. This page contains also a menu bar with different drop-down menus:  

(i) ‘product’, including ‘salad’ and ‘sauces’ both divided in ‘safety’ and ‘stability’ and  

(ii) ‘microorganisms’, including ‘L. monocytogenes’, ‘lactic acid bacteria’ and ‘Z. bailii’. 

Within ‘lactic acid bacteria’ a choice can be made between ‘L. fructivorans’ and 

‘L. plantarum’. Choosing one of the microorganisms will lead to a graphical interface which 

is organised identically for all microorganisms and consists out of (i) a control panel, 

containing the three input factors, (ii) a ‘calculate and plot’ push button, (iii) an output panel 

indicating the percentage of growth as predicted by the developed growth/no growth model, 

(iv) three cross sections (i.e., one for each of the chosen input factors), indicating the 

growth/no growth interface at growth probabilities of 10%, 50% and 90% predicted by the 

developed the growth/no growth model, and (v) a legend (Fig. 7.1). 
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Figure 7.1: Graphical interface of the growth/no growth model of L. monocytogenes 
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Most important is that (i) the sauce model is based on data gathered during 30 days at 30°C 

and an aw of 0.95, implying that the model is intended for shelf-stable sauces with a relatively 

high sugar and salt content (e.g., ketchup) and (ii) the salad model is based on data gathered 

during 90 days at 7°C, implying their usefulness only for refrigerated products. Note that all 

developed models are meant for products without chemical preservatives. This can be 

important for future product design as the consumers demand for preservative-free products 

will probably increase. 

For the salad model (L. monocytogenes) the input factors are pH, aw and acetic acid 

(% (w/w)). For the sauce model (lactic acid bacteria and Z. bailii), the input factors are pH, 

acetic acid (% (w/v)) and lactic acid (% (w/v)). The output of all models consists out of a 

determination of the probability of growth, on the one hand, and three figures representing the 

cross sections of the 3D-model at the three input factors, on the other hand. Both ways of 

representing the model predictions should be interpreted simultaneously (see further). A 

variation on this concept is found in the interface describing the stability of sauces (Fig. 7.2). 

The graphical interface in this case gives an overview of the three models developed for the 

stability of sauces (L. plantarum, L. fructivorans, and Z. bailii). An extra input factor 

(‘Probability level of the G/NG interface’) is required, which corresponds with the growth 

probability at which the growth/no growth interface is represented in the three figures. Note 

that this percentage is not related to the predictions of the models based on the chosen 

combinations of environmental conditions. The output panel gives in this case the growth 

probability of the three microorganisms as predicted by the growth/no growth models. 

Underneath each figure, representing the growth/no growth interface at the chosen 

probability, three push buttons are placed. If the push button is red (e.g., for Z. bailii), growth 

of the microorganism in the chosen conditions is observed (p > 1%). Pressing on that button 

will open the graphical interface of the individual microorganism (see Fig. 7.3 for Z. bailii).
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Figure 7.2: Graphical interface describing the stability of sauces 
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Figure 7.3: Graphical interface of the growth/no growth model of Z. bailii 
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7.3.2 Model equations 

In the previous chapters different models were compared on the same data sets. Only the most 

appropriate ones were used in the final tertiary model. For both lactic acid bacteria the models 

incorporating the total acid concentration were used (Chapter 2, Eqs. 2.5 and 2.6 for 

L. fructivorans and L. plantarum, respectively). For Z. bailii the combined model based on the 

two subsets was used and for both model equations the ones incorporating the total acid 

concentration were preferred (Chapter 3, Eqs. 3.8 and 3.9). For L. monocytogenes, only the 

model based on the data gathered for the monoculture was used. The used equation was the 

ordinary logistic regression model based on the data set without anomalies (Chapter 4, see 

Table 4.2). A summary on the models together with the explanatory variables and constant 

environmental conditions is given in Table 7.1. 

7.3.3 Interpretation of the results 

From the graphical interface describing the stability of sauces (Fig. 7.2), it can be seen that 

Z. bailii is more resistant than the two lactic acid bacteria. Besides, it is important to notice that 

under conditions typical for acidified sauces growth by Z. bailii occurred if no chemical 

preservatives are added. The probability level used to visualise the growth/no growth interface 

in the three figures is chosen by the end-user (see above). The colour of the push button and the 

percentage growth for each microorganism indicated on the output panel are based on the 

predictions of the model. An interpretation of the results, however, is difficult in these 3D-

figures as it is not possible to assess the distance between the data points and the growth/no 

growth interface. This distance will give additional information to the estimated growth 

probability and should be interpreted as follows (e.g. the no growth region): the further the 

combination of environmental conditions is located from the boundary the safer or the more 

stable the product is. As an example, an illustration is given for L. monocytogenes. Comparing 

Figures 7.1 and 7.4 indicate that the condition depicted in Figure 7.1 is less safe than the 

condition chosen in Figure 7.4 (with higher acetic acid concentration), although both predict 

0% growth. A small deviation of the pH-value for the condition depicted in Figure 7.1 to a 

higher value will allow growth of L. monocytogenes; while the same deviation from the 

condition depicted in Figure 7.4 will not immediately lead to an increase in the growth chance 

(see arrows). This is also important for heterogeneous products, such as mayonnaise-based 

salads. Although conditions close to the boundary may predict 0% growth, these are not 

advised because locally small differences may occur in these products. 
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Another important feature of the cross section is that it allows to determine easily which 

intrinsic factor is the most effective one to decrease the growth probability. Figure 7.5 

illustrates that under the chosen combination of environmental factors growth of L. plantarum 

is possible. The left plot (at constant acetic acid concentrations) reveals that a relatively small 

decrease in pH (e.g. by adding HCl) will lead to a decrease in the probability of growth as the 

growth/no growth interface will be approached. The lactic acid concentration, conversely, 

should at least be doubled (to 3% (w/v)) to reach the same effect (see arrows). The same can 

also be noticed at constant lactic acid concentrations (middle plot) where the acetic acid 

concentration should be at least be doubled to decrease the chance to grow. These findings can 

also be deduced from the plot at pH 4.5 where it can be seen that the data point is far off the 

growth/no growth interface. This section alone, however, does not reveal that decreasing the 

pH will have a significant influence on the chance to grow. This illustrates the importance of 

combining the three cross sections for the interpretation of the results. 

7.4 CONCLUSIONS 

Different tertiary models can be used to make scientific knowledge more accessible for a 

broader public. It remains, however, important to interpret the models with caution and to give 

the end-users proper education. Also the expertise of food microbiologists remains 

indispensable to contextualize the results. 

The developed Sauce-Salad model may help food producers to find out whether new developed 

products will be more microbiological stable and/or safe. It can also be used to determine 

which factor is preferably changed to increase this microbial stability and/or safety without 

changing a lot on the organoleptical characteristics of the product. Challenge studies on a 

limited amount of products will, however, remain necessary.  
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Figure 7.4: Graphical interface of the growth/no growth model of L. monocytogenes 
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Figure 7.5: Graphical interface of the growth/no growth model of L. plantarum 
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Conclusions and further perspectives 

Acidified sauces and mayonnaise-based salads can be considered as relatively stable and safe 

products. This is guaranteed by some typical characteristics of the products (pH, presence of 

organic acids, etc.), on the one hand, and the presence of chemical preservatives (such as 

sorbic and benzoic acid), on the other hand. However, due to the consumers mistrust towards 

chemical preservatives, the food industry will probably be forced to produce their products 

without these preservatives. This will have significant impact on the microbial safety and 

stability, but will also open doors for new developments. Therefore, all experiments 

performed in this research were focussing on products without chemical preservatives. 

Predictive microbiology aims at mathematical description of microbial evolution in food. 

Therefore, foods are grouped according to their intrinsic and extrinsic factors. These factors 

are used as inputs for the predictive models and on the basis of resulting outputs judgements 

can be made on the growth chance or growth rate for a specific microorganism in the food 

under investigation. Advantages of predictive modelling are both of financial and time nature 

which makes models particularly interesting for product development. Models can, for 

example, be used to determine whether the small changes to a product recipe will result in an 

increase or a decrease of the microbial stability and/or safety of the product without 

performing long-lasting storage experiments. The increasing amount of growth/no growth 

models developed in the last years indicate the scientific interests in these models (Chapter 1). 

One of the major advantages of these models is the ability to predict the zone where no 

growth is possible. For kinetic models, conversely, this no growth zone can often only be 

predicted from extrapolations outside the region of data generation. It is, however, the 

determination of this no growth region which is of utmost importance for food producers and 

authorities as it can be used to determine the microbial stability and safety of the food 

products. By determination of this region, food producers, for example, can prove compliance 

with criteria established by the legislation (EU, 2005). The interest in predictive models will 

probably still increase in the near future if the accessibility to this knowledge would become 

widely available.  

The growth/no growth models developed in this PhD research deal with microbial stability or 

safety of products of which the preservation is based on the combination of several stress 

factors. The basis for a reliable model development is always a well thought-out experimental 
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set-up for the data generation. The data generation in the present study was different from 

many other studies due to the focus placed on small intervals between the intrinsic factors, on 

the one hand, and higher amounts of replicates, on the other hand. This led to extended 

datasets for all developed models. Generally, the models showed a gradual transition from 

growth to no growth and no abrupt cut-off like often mentioned in the other studies (e.g., 

Tienungoon et al., 2000; McMeekin et al., 2002; Lanciotti et al., 2001).  

Microbial stability of sauces 

Two groups of specific spoilage organism (SSO) were taken into account, namely lactic acid 

bacteria and yeasts. For lactic acid bacteria, L. fructivorans and L. plantarum were chosen as 

SSO because they are typically encountered in acidified sauces and have both a different 

metabolism. L. fructivorans is obligate heterofermentative while L. plantarum is facultative 

heterofermentative. This difference might have an influence on their resistance towards 

organic acids and, by consequence, reflect on the growth/no growth interface. Z. bailii also 

causes major problems in this kind of products because of its resistance towards weak acids 

and preservatives, its ability to ferment glucose and fructose, and its osmotolerance. Spoilage 

by this yeast results in off-odours, gas production and ethanol production. From the obtained 

data it could be concluded that replacing acetic acid by lactic acid, which has a milder taste 

may compromise the microbial stability of acidified sauces by stimulating Z. bailii growth. 

This growth stimulation was reflected on the growth probability as well as on the growth rate 

and may be due to the increased buffer capacity of the media caused by organic acids added. 

These findings made the model fitting more complicated and the dataset needed to be split up 

in two subsets. However, the stimulating effect of acetic and lactic acid under certain 

conditions should be further investigated. This can be performed by studies dealing with the 

yeasts’ metabolism, e.g., following the growth combined with analysis of nutrients 

consumption and metabolite production. 

Although it is generally assumed that the undissociated forms of the acids have the highest 

antimicrobial activity, this was not obvious in the developed growth/no growth models. 

Therefore, ordinary logistic regression models, incorporating the concentration of total acids, 

were fit on all three datasets concerning spoilage in acidified sauces. This decision was also 

based on the fact that incorporating the undissociated and dissociated forms of the acid did 

not always lead to a convex polyhedron which is generally assumed as the shape of the 

growth zone (Baranyi et al., 1996; Le Marc et al., 2005; Gysemans et al., 2007).  
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Comparing the three spoilage models revealed that Z. bailii was much more resistant than 

lactic acid bacteria to the applied stress factors. Moreover for Z. bailii, it was observed that 

growth was possible under conditions typical for acidified sauces with high sugar content. 

This implies that eliminating chemical preservatives (such as benzoic and sorbic acid) from 

these products will involve a lot of new challenges for the food industry. If product 

formulations are not changed (for taste purposes) the shelf-life of these sauces will 

significantly be shortened predominantly because of yeasts growth. If the long shelf-life needs 

to be maintained, the concentration on organic acids should be significantly increased or the 

pH should be decreased. These changes, however, will lead to major alterations in taste. As 

Z. bailii is a fructophillic yeast, another way of retarding its growth might be the partly 

replacement of fructose by glucose. In this case the decrease in sweetness should also be 

taken into account. Replacing the fructose will, however, not lead to an elimination of 

Z. bailii as it will metabolise glucose in absence of fructose but at a smaller rate. Further 

research on this is necessary. 

Comparing the results in this study with the generally used CIMSCEE code (CIMSCEE, 

1992) revealed high similarity between this code and the newly developed model for Z. bailii. 

Particularly, the global model based on the two subsets described the same influence of acetic 

acid and pH. Note that the newly developed model has the advantages that it describes the 

region between growth and no growth as a gradual transition zone, on the one hand, and that 

it incorporates the influence of lactic acid, on the other hand. 

For further extension of the developed models other factors typically associated with acidified 

sauces could be incorporated to examine the influence of (i) salt and sugar concentrations 

leading to varying aw (already incorporated in the CIMSCEE code), (ii) gel systems to mimic 

the structure in the food, (iii) fat mimetics such as modified starches, (iv) other organic acid 

such as citric acid, (v) temperature etc. Particularly the influence of fat mimetics will gain 

interests as the consumers are more and more aware of the negative influence of fat in their 

diet. This will lead to an increase in the market share of light products. Using fat mimetics, 

however, will increase the amount of water in the products which make them more 

susceptible to microbial growth.  

Safety of mayonnaise-based salads 

The study dealing with safety of mayonnaise-based salads was focussing on the growth/no 

growth interface of L. monocytogenes as this psychrotrophic pathogen is of great concern in 
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products relying on cold chain during their shelf-life. Driven by the recently established 

criteria concerning L. monocytogenes in Ready-to-Eat products (RTE) (not intended for 

infants and medical purposes), it will be important for the food producers to be able to 

distinguish between products which allow growth and those which will not. According to 

Commission Regulation (EC) N° 2073/2005 on microbial criteria for foodstuff (EU, 2005), 

less than 100 CFU/g L. monocytogenes should be guaranteed during the complete shelf-life of 

ready-to-eat products. This implies that L. monocytogenes might be present during the entire 

shelf-life but always less than 100 CFU/g. For products which allow growth, absence in 25 g 

should be proved at the moment the product leaves the immediate control of the food 

producers or it should be proved that the limit of 100 CFU/g will not be exceeded during the 

shelf-life. Growth/no growth models can be considered as useful tools to decide to which 

category a certain product belongs to. Mayonnaise-based salads to which no chemical 

preservatives are added can be considered as products balancing between allowing and 

inhibiting growth. Therefore, growth/no growth models were developed for L. monocytogenes 

under conditions typical for mayonnaise-based salads without the incorporation of chemical 

preservatives.  

The model was firstly developed at high inoculation levels and revealed that the addition of 

small amounts of acetic acid and/or lowering the pH had the major effect on the decrease in 

growth probability. The model developed based on data gathered with a mixture of five 

L. monocytogenes strains showed the same pattern as for the monoculture. It could have been 

expected that the growth/no growth model performed with the mixed strain culture resulted in 

a broader, more gradual transition from growth to no growth. This was, however, not 

observed in the obtained data. Later, in a validation experiment with eleven other 

L. monocytogenes strains, tested as monocultures, it was observed that the growth and no 

growth region were well defined while limited deviations occurred predominantly in the 

transition zone.  

As contamination with L. monocytogenes occurs often at low cell counts and because the 

infective dose related to this pathogen is low, it was worthwhile to develop a model 

describing the growth/no growth interface at low inoculation levels. The developed model 

was the first growth/no growth model for L. monocytogenes incorporating the inoculation 

level as an explanatory variable. To achieve this, a lot of attention was paid to a well thought-

out data generation. Data were generated for conditions at which growth occurred at high 
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inoculation levels but now tests were performed for all inoculation levels varying between  

2 x 105 CFU/200 µl and 1 CFU/200 µl. Therefore, 23 consecutive twofold dilutions were 

performed. Depending on the inoculation level twenty or forty replicates were tested which 

made a total of 47,808 data points. The higher amount of replicates at lower inoculation levels 

was necessary to keep the error on p (growth probability) relatively low. Next to the optical 

density measurements, determination of growth and no growth was also based on plate counts 

at the end of the incubation period. Enumeration on plates made the data generation labour 

intensive and time consuming but it indispensable as the method of optical density 

measurements has a high detection limit. This implies that in some conditions, when 

inoculated with low inoculation levels, growth could occur but not enough to reach the 

detection limit. These conditions would then be categorised as no growth while growth might 

have occurred. To determine the growth on the basis of the cell count, it was necessary to 

know the inoculated cell density in each dilution. Therefore, a simulation protocol typical for 

this kind of dilution series was developed. This allowed to estimate the mean cell density in 

each dilution together with the 95% confidence interval starting from the determined cell 

count in the first dilution. As in the last dilutions a few replicates will remain uninoculated 

(typical for the dilution method used) it was important to estimate this number. Otherwise 

these replicates would erroneously be considered as no growth in the determination of the 

growth probability. 

Different growth/no growth model-types were tested which gave all similar results with 

respect to the effect of aw, pH, undissociated acetic acid and cell density on the growth 

probability. Like for the model at high inoculation levels, the major decrease in growth 

probability was caused by lowering the pH or increasing the acetic acid concentration. The 

square root-type logistic regression model was preferred because of its simplicity and its 

higher robustness towards anomalies. The model predicted also a large decrease in growth 

probability if the cell count decreases. The starting point of this decrease was dependent on 

the intrinsic factors (aw, pH and acetic acid concentration). 

The model developed for L. monocytogenes in mayonnaise-based salads was also validated in 

a laboratory-made, sterile mayonnaise-based surimi salad. Therefore, sterile mayonnaise was 

prepared, brought to the specific pH and mixed with inoculated surimi which was brought to 

the same pH. Note that this experimental design is simulating post-contamination in a 

prepared mayonnaise-based salad. Normally mayonnaise-based salads are characterised by a 
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dynamic environment immediate after preparation. By mixing an ingredient with low pH 

(mayonnaise) and one with higher pH (taste carrier such as meat, fish,…), a pH gradient and a 

gradient in organic acid concentration will occur. Besides, the taste carrier will be more 

susceptible to contamination with higher cell counts than mayonnaise implying that also a 

gradient in microbial load will be observed in the mayonnaise-based salads. The impacts of 

different gradients were currently not included in the models but might be an opportunity for 

further research. A model incorporating these effects will then be valid for growth predictions 

of L. monocytogenes originating from contaminated starting materials. Note that modelling 

effects of these gradients was already attempted by Hwang and Tamplin (2005), Hwang 

(2005) and Hwang and Marmer (2007). In their research, however, the pH of the final 

mayonnaise-based salad was much higher than normally encountered in this kind of salads 

leading to an overestimation of the growth probability.  

Results of the validation performed by challenge tests (Chapter 6) revealed that also in real 

food products a transition zone between growth and no growth exists. It was seen that under 

stressful conditions some replicates of inoculated mayonnaise-based salads showed growth 

while others did not. Besides, in samples showing growth, differences in lag phase between 

replicates increased and this is even more pronounced at low inoculation levels. Current 

findings indicate that a reconsideration of the inoculation levels, which are needed to perform 

reliable challenge tests, might be necessary. AFSSA (2005) proposes 100 CFU/g as the 

maximum inoculation level because higher levels would be unrealistic and underestimates the 

effect of background flora (Micconet et al., 2005). Here presented data indicate, however, that 

this level might be too low in products characterised with intrinsic factors near the growth/no 

growth zone. Another possibility might be the increase in the amount of replicates for each 

challenge test. Note that this is more labour intensive and expensive, which makes it often not 

feasible for smaller companies. 

Future 

Due to the increasing interests of scientists in predictive microbiology, a wealth of data and 

predictive models has been build up in scientific literature during last decades. These data and 

models can be used to predict changes in microbial count at specific combinations of intrinsic 

and extrinsic factors. Attempts are made by several research groups to make these data more 

available for non-scientists through the development of (freeware) software packages. 

However, the barrier to use these models in an industrial environment and by the authorities 
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still exists. Indeed, predictive models are until now only been applied in a limited extent by 

companies, particularly SMEs (Small and Median Enterprises) which form a large part of the 

European food industry and which have most of the time not the necessarily educated people 

with the appropriate knowledge to use these models. Therefore, an important effort should be 

made to educate and guide people from the industry and the government in their use of 

predictive models. This education and guidance should than increase the ability of the users to 

interpret the predicted results in a correct way. For example, models do mostly not contain all 

intrinsic and extrinsic factors of a product which implies that the user should have enough 

background knowledge to combine different models and to interpret them correctly. Besides, 

as models are only valid in a restricted range of environmental conditions, users should 

recognise the limitation of the specific models. 

Conversely, one should be aware of the risk that may exist when a wider distribution of the 

models is realised through the development of easily accessible tertiary models, i.e. that the 

transparency of the scientific knowledge behind the models gets lost. This transparency 

remains, however, very important particularly if predictive models are used for risk 

assessment or as evidence of compliance with the legislation. Predictive models together with 

the underlying scientific knowledge have to be used as a tool to communicate to the 

authorities and clients in a well-founded way. 

Compared with the more generally available kinetic models, an attempt was made in this 

dissertation to develop a software package incorporating growth/no growth models specific 

for mayonnaise-based salads and acidified sauces. Despite some disadvantages it can be 

assumed that the use of growth/no growth models will increase in the future if the models 

become more readily available. Food producers are most of the time interested in conditions 

that do not show grow at all to minimize the risk of spoilage and/or pathogen growth. 

Therefore, predictive microbiology (regarding food safety and food spoilage) should be 

approached from a broader perspective. More attention should be paid to conditions at which 

no growth occurs rather than predicting changes in lag phase and growth rate. 

In conclusion, it can be stated that predictive models give by no means ultimate answers to 

questions about food safety and food spoilage. The further applications of different models 

and their general acceptance by all stakeholders in the food chain indicate, however, the 

contribution that these models provide to food microbiology. 
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List of abbreviations 

 
Ac Acetic acid concentration 

ADI Acceptable Daily Intake 

AIC Akaike’s Information Criterion 

ALOA Agar Listeria Ottaviani and Agosti 

ANN  Artificial Neural Network 

ATP Adenosine Tri-Phosphate 

ATR  Acid Tolerance Response 

AU Arbitrary Units 

aw Water activity 

aw,min  Minimum water activity at which a microorganism can grow 

BA Benzoic acid 

BHI Brain Heart Infusion 

c Concordance index 

CDC Centres for Disease Control 

CIMSCEE Comité des industries des mayonnaises et sauces condimentaires de 

communauté economique européenne 

CFR Code of Federal Regulation 

CFU Colony Forming Units 

D Dressing 

DAc Dissociated acetic acid concentration 

DLa Dissociated lactic acid concentration 

DM Dry matter 

EDTA Etylenediamine tetraacetic acid 

EFSA European Food Safety Authority 

EU European Union 

FDA Food and Drug Administration 

FIC Fédération des Industries Condimentaires au niveau européen 

FSA Food Safety Authority 

GDL Glucono-delta-lactone 

GMP Good Manufacturing Practice 
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G/NG Growth/no growth 

GRAS Generally Recognised As Safe 

HUS Haemolytic Uraemic Syndrome 

ICMSF International Commission on Microbiological Specifications for Foods 

IU International Unit 

KB Koninklijk besluit 

L The maximised likelihood 

LA Lactic acid concentration 

LFMFP Laboratory of Food Microbiology and Food Preservation 

LMG Laboratory of Microbiology Gent 

M Mayonnaise 

MCP Minimum Convex Polyhedron 

MIC Minimal inhibitory concentration 

MRS deMan Rogosa Sharpe  

N Cell count 

N° Number 

NB Nutrient Broth 

N.S. Not significant 

OD Optical Density 

O/W Oil-in-Water emulsions 

p Growth probability 

pH potential of Hydrogen = -log[H+] 

pHin Internal pH 

pHmin Minimum pH at which a microorganism can grow 

pHout pH outside the cells 

pKa Negative logarithm of the acid dissociation constant  

PNN Probability Neural Network 

PUNN Product unit neural networks 

RCM Reduced-Calorie Mayonnaise 

RCM-CF Reduced-Calorie Cholesterol Free Mayonnaise 

ROC Receiver Operating Curve 

RTE Ready-to-eat 

S Spread 

SA Sorbic acid 
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SAB Sabouraud 

SC Schwartz’ Criterion 

SE Staphylococcus aureus enterotoxins 

SME Small and Median Enterprises 

SSO Specific spoilage organisms 

TSA Tryptone Soya Agar 

UAc Undissociated acetic acid concentration 

UAcmax Maximum undissociated acetic acid concentrations allowing growth 

UK  United Kingdom 

ULa Undissociated lactic acid concentration 

US United States 

WHO World Health Organisation 

W/O/W Water-in-oil-in-water emulsion 
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Appendix 

Detailed description on the general aspects of data 

generation, model development and  

interpretation of the results 

 

This appendix gives a general overview on the different aspects used to develop growth/no 

growth models in this PhD thesis. It explains the basic methods which are used for all models 

developed in this research and gives more detailed information about (i) the inoculation 

procedure, (ii) the determination of growth, (iii) the modelling procedure and (iv) the 

graphical representation and interpretation of the results.  

A.1 Inoculation of microtiter plates  

For each data set generated in this research the focus was on the increased amount of 

replicates compared to growth/no growth models published before in literature (Chapter 1). 

Differences in inoculation procedure should be made between the models developed at high 

inoculation levels and the one which incorporated the cell density as an explanatory variable.  

Strains, stored at –75°C, were first cultured in their optimal growth medium and incubated at 

30°C for 24h. Afterwards a subculture was taken in an adapted medium or again in an optimal 

medium, dependent on the strain (detailed information can be found in Chapter 2, 3, 4 and 5). 

Before inoculation the culturing medium was discarded from the cells in order not to 

influence the specific intrinsic factors applied for each medium used for data generation of the 

growth/no growth models. Therefore, 1 ml of the subculture was transferred to sterile 

Eppendorf tubes (Eppendorf AG, Hamburg, Germany), centrifuged at 4600 g (5415 C, 

Eppendorf, Hamburg, Germany) and the supernatant was discarded. Subsequently, the cells 

were resuspended in the physiological saline solution, mixed and again centrifuged at 4600 g. 

The supernatant was discarded again and finally the cells were resuspended in one of the 

specific media. Finally, the cell count was diluted to the appropriate inoculation level in the 

same medium. 
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A.1.1. Models for high inoculation levels 

Data for the models at high inoculation levels (lactic acid bacteria, yeast and 

L. monocytogenes (monoculture and mixed culture)) were generated in 12 to 24 replicates. 

Media (180 µl) were divided in microtiter plates as indicated in Figure A.1. Each plate was 

filled with media which had all the same water activity. Four replicates of each medium were 

present in one microtiterplate (3-5 microtiter plates for one experiment). Afterwards the media 

were inoculated with 20µl of the culture dissolved in the same specific medium (Section A.1).  

 

 1 2 3 4 5 6 7 8 9 10 11 12 
A M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12
B M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12

C M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12

D M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12

E M13 M14 M15 M16 M17 M18 M19 M20 M21 M22 M23 M24

F M13 M14 M15 M16 M17 M18 M19 M20 M21 M22 M23 M24

G M13 M14 M15 M16 M17 M18 M19 M20 M21 M22 M23 M24

H M13 M14 M15 M16 M17 M18 M19 M20 M21 M22 M23 M24

Figure A.1: lay-out of inoculated microtiter plates. M1-M24 are 24 different media 

 

A.1.2 Model incorporating the cell density as explanatory variable 

Data generation for this model was performed in a slightly different way as for the models 

with high inoculation levels. Before washing, a standardization of the inoculum was 

performed. Therefore, a calibration curve of log(optical density) versus log(cell count) was 

established (Fig. A.2). This calibration curve was developed by making a serial ½ dilution of 

the culture in buffered NB. Both optical density (OD) and cell count (CFU/ml) were 

determined and a linear correlation was established between log(OD) and log(cell count) 

(log(OD) = 0.9137 · log(CFU/ml) – 8.2579; R² = 0.9115). After standardization, the inoculum 

was washed and resuspended in one of the specific media, according the washing procedure 

described above (Section A.1). Next, the washed cells were inoculated in the first column of a 

microtiter plate and 23 consecutive ½ dilutions were made yielding cell densities ranging 

from approximately 2 x 105 CFU/well to 1 CFU/well (Fig. A.3).  
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Figure A.2: Calibration curve between log(OD) and log(cell count) for L. monocytogenes in NB. 

OD measurements performed at 380 nm 

 

 

Figure A.3: Schematic representation of the ½ dilution series performed with a multipipet in 

microtiter plates. The inoculum was accurately determined by plating in fivefold 

on TSA 
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The exact inoculum was determined by fivefold plating on TSA. The obtained cell count was 

used to calculate theoretically the cell level in each subsequent well based on the simulation 

protocol developed by BioTeC (KULeuven). For the higher inoculation levels  

(ca. 2 · 105 CFU/well – ca. 1562 CFU/well) 20 replicates were performed, while for the lower 

inoculation levels (ca. 1562 CFU/well – 1CFU/well) 40 replicates were analysed. 

A.2 Determination of growth 

Growth in each individual well was followed by OD measurements using a VERSAmaxTM 

microplate reader (Molecular Devices, Sunnyvale, CA, USA) and data were processed by 

using the software package SOFTmaxPRO (Molecular Devices). The wavelength at which the 

OD measurements were performed was dependent on the growth medium used. For darker 

media (MRS and SAB, both with high concentrations of sugar) measurements were done at 

600 nm. Brighter media (NB) were measured at 380 nm. The period of incubation and the 

frequency of OD measurements were dependent on the strain and the incubation temperature 

during the data generation and, by consequence, different for each model (more specific 

information in Chapter 2, 3, 4 and 5).  

For the models with high inoculation levels growth assessment was only based on optical 

density measurements. For each individual well a growth curve was constructed. The OD of 

each measurement was corrected for the blank and if this difference was higher than three 

times the standard deviation of the signal of the blank, the well was considered as showing 

growth (Fig. A.4). 

For the model incorporating the cell density as explanatory variable the previous method was 

extended with determination of growth by plate counts. This latter was necessary for the 

conditions, inoculated at low cell densities which allowed growth but not enough to reach the 

detection limit of the OD measurements. If the cell count in a well was higher than the upper 

boundary of the 95% confidence interval around the estimated initial cell count (determined 

by simulation protocol), this well was also considered as showing growth.  

The percentage of wells showing growth was calculated for each medium (in all models) and 

additionally for each dilution step (in the model incorporating N as explanatory variable), e.g., 

if 4 out of 20 replicates showed growth for a certain medium, 20% growth was attributed to 

this medium (combination of intrinsic factors). 
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Figure A.4: Determination of growth in each individual well based on optical density 

measurements (* data points, full line represents three times the standard 

deviation of the signal of the blank) 

 

 

A.3 Development of the growth/no growth model 

The models for lactic acid bacteria (Chapter 2) and Z. bailii (Chapter 3) were fit in SPSS 12.0 

(SPSS, Inc, Chicago IL, USA) by using linear logistic regression. Models for 

L. monocytogenes were developed in SAS®8.2 (SAS Institute, Inc., Cary, NC, USA) by 

BioTeC, KULeuven (partner in this research). Therefore, only the parameter estimation and 

evaluation of model performance executed by using SPSS will be explained profoundly in this 

paragraph. For more details about the models developed in SAS reference is made to 

Gysemans et al. (2007a, b and c). 

A.3.1 Structure of the data set and data pre-processing 

For each medium the exact values or concentrations of the intrinsic factors (i.e., pH, total 

concentration acetic acid (% (w/v)) and lactic acid (% (w/v))) are known. Prior to the model 

development the amount of undissociated acids was calculated by using the Henderson-

Hasselbach equation (Eq. A.1). 

NO GROWTH 

GROWTH 
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pKa-pH101
AUA

+
=  (Eq. A.1) 

 

with UA being the percentage undissociated acid (% (w/v)), A, the total acid percentage  

(% (w/v)) and pKa the acid dissociation constant (i.e., the pH at which the level of dissociated 

and undissociated acid are equal).  

For the pH range used in this study, Table A.1 summarises the % undissociated and 

dissociated acetic and lactic acid 

 

Table A.1: Overview of the % undissociated and dissociated acid as a function of the pH 

 Acetic acid Lactic acid 

pH Undissociated Dissociated Undissociated Dissociated 

3 98.3 1.8 87.9 12.1 

3.5 94.7 5.3 69.6 30.4 

4 84.9 15.1 42.0 58.0 

4.5 64.0 36.0 18.6 81.4 

5 36.0 64.0 6.8 93.2 

5.5 15.1 84.9   

6 5.3 94.7   

 

For each combination of intrinsic factors the data set contained the amount of replicates 

showing growth (indicated with 1) and the amount of replicates showing no growth (indicated 

with 0). 

Before starting the modelling procedure, the data were examined for anomalous data points. 

In all data sets a decrease in growth probability was sometimes observed while the intrinsic 

factors became less severe. This unexpected behaviour could be caused by biological 

variability and/or experimental errors. A data point was defined as anomalous if the growth 

percentage decreased with 10% or more while the intrinsic factors became less severe, or vice 

versa. This was checked by manually comparing neighbouring data points in the pH-direction 

(with acetic acid and lactic acid constant), in the acetic acid-direction (with pH and lactic acid 
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constant) and in the lactic acid-direction (with pH and acetic acid constant). An example is 

given in Figure A.5. 

 

A B 

  
Figure A.5: Fictitious example to determine the anomalous data points in the direction of 

Factor 1 and Factor 2 

 

A.3.2 Modelling structure 

All data sets were described by using an ordinary logistic regression model with a polynomial 

(right-hand side) and logit(p) = ln (p/1-p) (left-hand side) with p the probability of growth 

bounded between 0 and 1. A theoretical example, with X, Y and Z as explanatory variables 

and bi (i = 1,…9) the parameters to be estimated, is given in Equation A.2. 

ZYbZXbYXb
ZbYbXb

ZbYbXbb)(logit

987

2
6

2
5

2
4

3210

⋅⋅+⋅⋅+⋅⋅+
⋅+⋅+⋅+

⋅+⋅+⋅+=p
 (Eq. A.2) 

 

A.3.3 Parameter estimation 

The parameters of logistic regression models were estimated with the method of maximum 

likelihood. This method selects as estimates those values of the parameters under which the 

data observed have the highest probability of occurrence. This is achieved by maximisation of 

the log-likelihood function (Agresti, 2002). 

To avoid overfitting, i.e., model the experimental error instead of the general trend, the most 

significant terms in the model equation should be selected. A good balance should be found 

between a model that is simple enough to avoid overfitting and a model that is complex 
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enough to fit the data well. These model selection procedures can be based on the following 

tests: the Wald test, the score test and the likelihood-ratio test (Agresti, 2002). All these tests 

check whether a term is insignificant and can be left out (null hypothesis H0 : bi = 0). As for 

small to moderate sample sizes, the likelihood-ratio test is usually more reliable than the other 

tests, only this test was used in the model selection performed in this dissertation. The test 

compares the maximised log-likelihood function of a restricted model (without explanatory 

variables) and a full model (with explanatory variables). The likelihood ratio statistic has an 

approximate χ² distribution with one degree of freedom. A high value of this statistic indicates 

that the likeliness that the null hypothesis is true is low. The corresponding P-value can be 

found in tables listing the P-values as a function of the degrees of freedom. 

As the ordinary logistic regression model only has linear-appearing parameters, linear logistic 

regression could be used to estimate the parameters. To avoid that quadratic and interaction 

terms of a certain parameter would be withdrawn in the equation without the main effect, 

these latter were added by the ‘enter’ procedure in SPSS 12. This implies that the main effects 

were forced to stay in the final equation independent on their P-value. The quadratic and 

interaction terms were selected by forward stepwise procedure. This method begins with the 

model that would be selected by a forward entry method (i.e. at each step the most significant 

term is added to the model until none of the stepwise terms left out of the model would have a 

statistical significant contribution if added to the model). From there, the algorithm alternates 

between the backwards elimination on the stepwise terms (i.e. at each step, the least 

significant stepwise term is removed from the model until all of the remaining stepwise terms 

have a statistically significant contribution to the model) in the model and the forward entry 

on the terms left out of the model. This continues until no terms meet the entry or removal 

criteria, both put at P = 0.01 in the present research.   

A.3.4 Evaluation of model performance 

A.3.4.1 Goodness-of-fit statistics 

To select the best model different goodness-of-fit criteria calculated by SPSS were considered 

(i) Akaike’s Information Criterion (AIC = -2 ln L + 2 k, with L the maximized likelihood and 

k the number of parameters), (ii) Schwartz’ Criterion (SC = -2 ln L + k ln n with n the number 

of observations), and (iii) Hosmer-Lemeshow statistic. More theoretical information about 

other goodness-of-fit statistics (such as Pearson χ² statistics, maximum rescaled R² statistic) 

can be found in Section 1.2.3.2.  
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Two goodness-of-fit criteria are based on the log likelihood of the optimised model (Agresti, 

2002). Firstly, the AIC which penalises the model for having many parameters. 

 AIC = -2 ln L + 2 k (Eq. A.3) 

with L the maximised likelihood and k the number of parameters (Agresti, 2002).  

Another criterion which penalises the model for having many parameters is the SC. 

 SC = -2 ln L + k ln (n) (Eq. A.4) 

with L the maximised likelihood, k the number of parameters and n the number of 

observations. Both criteria can be used to rank models according to their goodness-of-fit. 

Lower values of AIC and SC correspond to more desirable models. Since both criteria include 

the number of parameters the best models are, according to these criteria, the ones which 

show a good balance between the model’s goodness-of-fit and the model’s complexity. 

The Hosmer-Lemeshow statistic involves the grouping of observed and expected values (in 

this case the number of times growth occurred) into approximately ten equal sized groups 

based on the model-predicted probabilities of success (Table A.2). 

  

Table A.2: Fictitious example of the grouping of observed and expected values in ten equal sized 

groups 

144 141,422 0 2,578 144
142 139,235 10 12,765 152
101 105,405 47 42,595 148

58 61,609 82 78,391 140
15 17,813 129 126,187 144
10 3,605 126 132,395 136

0 ,826 140 139,174 140
0 ,062 148 147,938 148
0 ,018 148 147,982 148
0 ,006 96 95,994 96

1
2
3
4
5
6
7
8
9
10

Step
1

Observed Expected
Groei = ,00

Observed Expected
Groei = 1,00

Total
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After calculating a χ2-statistic, based on the observed and expected number of objects in the 

groups, this statistic is compared to a χ2-distribution with t degrees of freedom (t is the 

number of groups minus two) (Stokes et al., 1995). Low values of χ2 indicate that the model 

fits the data well. This implicates that its corresponding P-value is high. If a lack of fit is 

observed, this statistic does not provide any insight about its nature. 

A.3.4.2 Predictive power 

Other methods used to evaluate the performance of logistic regression methods are the 

classification table, the ROC and the c-value. The classification table classifies the predicted 

growth and no growth as a function of the observed growth and no growth. From this the 

percentage correct predictions can be calculated. A theoretical example is given in Table A.3. 

For each case the predicted response is ‘Growth’ if that case’s model-predicted probability is 

greater than the cut-off value (i.e., 0.5). Cells on the diagonal are correct predictions. Cells 

away from the diagonal are incorrect predictions. From step to step, in the forward stepwise 

selection, the improvement in classification indicates how well the model performs. A better 

model should correctly identify a higher percentage of the correct predictions. 

Table A.3: A fictitious example of a classification table 

Predicted   

Growth No growth Predicted correct 

Growth 300 55 84.5 Observed 

No growth 64 1489 95.9 

    93.8 

 

The ROC Curve procedure provides a useful way to evaluate the performance of classification 

schemes that categorize cases into one of two groups. The ROC curve is a plot between the 

proportion of success that are correctly predicted by the model (also called sensitivity) and the 

proportion of failures that were incorrectly predicted (which is also called 1-specificity). The 

further the curve lies above the reference line, the more accurate the test. In the theoretic 

example (Fig. A.5) the curve lies close to the vertical axis, indicating a high predictive power. 
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Figure A.6: Graphical representation of the ROC curve with reference line 
 
 
Next to the graphical representation the area under the curve can be estimated with the 

concordance index (c) (Eq. A.5). In the ideal case this c-value is 1. 

( )
total

DiscConctotalConcc −−⋅+= 5.0  (Eq. A.5) 

with total the total numbers of pairs, Conc the number of concordant pairs (i.e., if the larger 

response (growth) has a higher predicted event probability than the smaller response (no 

growth)), Disc the number of discordant pairs (i.e., if the larger response has a lower predicted 

event probability than the smaller response). As an example to determine Conc and Disc three 

different samples are given (Table A.4).  

Table A.4: Fictitious observations (Response) and predicted growth probabilities for four 

different samples 

Sample Response 

(growth = 1, no growth = 0) 

Predicted growth 

probability (p) 

S1 1 80% 

S2 1 20% 

S3 0 40% 
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Consider the pair (S1,S3), this pair is concordant as Response (S1) > Response (S3) and  

p(S1) > p(S3). Conversely, the pair (S2,S3) is discordant as Response (S2) > Response (S3) and 

p(S2) < p(S3). 

A.4 Interpretation of results and graphical representation 

Each model equation (such as Eq. A.2) can be used to predict the probability at each 

combination of intrinsic factors chosen by the end-user. This, however, gives only a 

numerical output but gives no information about how the chosen data point is situated in 

relation to the growth/no growth boundary. 

A visualisation of a logistic regression model for one explanatory variable (X) is represented 

in Figure A.7. It can be seen that the function has asymptotes at 0 and 100%. This ensures that 

no illogical predictions concerning p can be made (since p can never be smaller than 0% and 

higher than 100%), despite the fact that the explanatory variables can take each value between 

-∞ and +∞. The sigmoidal shape is caused by the logit transformation of p. This model as a 

function of all three variables (X, Y and Z) will result in a four dimensional figure which can 

not be represented graphically. Therefore, the model is represented at three different 

probability levels namely at 90%, 50% and 10% growth probability, which results in three 

planes (Fig. A.8).  

 

 

Figure A.7: Logistic regression with p as a function variable X with constant Y and Z 
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Figure A.8: Three dimensional representation of a theoretical example of a growth/no growth 

model 

 

Also the three dimensional figures can not be used to give detailed information about the data 

set and model behaviour; therefore these figures are not used in this PhD thesis. Cross sections 

are made at a constant value of one of the intrinsic factors (Fig. A.9A). This leads to two 

dimensional figures in which the data points can be easily represented. ‘+’ indicates the 

conditions at which all replicates showed growth (p = 100%), ‘o’ indicates the conditions at 

which none of the replicates showed growth (p = 0%) and ‘Δ’ represents the conditions at 

which some of the replicates showed growth and others did not (p = ]0,100%[). The measured 

percentage of growth was also indicated next to the symbols. From these data sets, the growth 

and no growth region can be deduced.  

On the cross sections, the growth/no growth model can be added. At constant probability 

levels (90%, 50% and 10%) the model is represented as lines (Fig. A.9B). Full lines represent 

90% growth probability and all conditions at the left side of this line (Fig. A.9B) have a 

probability higher than 90% (called growth zone). The dotted line represents 10% growth 

probability and at all conditions at the right side of this line (Fig. A.9B) the growth probability 

is lower than 10% (called no growth zone). The area in between represents the transition zone 

in which the growth probability changes drastically by changing environmental conditions. 

The middle of this zone (50% growth probability) is indicated by a dashed line. 

 

 

90% 
50% 
10% 
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 A B 

 

Figure A.9: Two dimensional representation of a theoretical example of a growth/no growth 

model at a constant value of Z. A: data set without model. B: growth/no growth 

model superposed on the data set 
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